






MICROBIAL COMMUNITY ADAPTATIONS AND DYNAMICS IN 







A dissertation submitted to Johns Hopkins University in conformity with the requirements for 







© 2020 Gherman Uritskiy 
All rights reserved  
 ii 
Abstract 
Microbial communities play essential roles in the biosphere and understanding the mechanisms 
underlying their composition and adaptations to changes in the environment is critical for 
predicting their behavior. Extremophile microbial communities residing inside of salt “halite” 
rocks in the Atacama Desert, Chile, are an excellent model system for investigating these 
processes, due to their spatially segregated rock-specific micro niches that serve as natural 
replicates for investigating microbial community assembly. This work utilized high-throughput 
advancements in DNA and RNA sequencing to uncover the deterministic and stochastic 
processes behind the dynamic adaptations of halite microbiome across time and space. The 
resulting characterization of the genomic composition and transcriptional activities of these 
unique communities across spatial and temporal scales led to a deeper understanding of 
microbiome dynamics in general. This work also builds upon existing computational approaches 
for analyzing microbial data to expand the available arsenal of bioinformatic tools available for 
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Life has remained unicellular throughout most of Earth’s history (Eme et al., 2018). Even 
today, the total biomass of microorganisms allows them to have profound effects on the 
biochemical processes in nearly every ecosystem (Rousk and Bengtson, 2014; Bar-On et al., 
2018). Due to their rapid adaptation and incredibly long 3.5-billion-year evolutionary history, 
microbial life has accumulated a great diversity of phylogeny, lifestyle, and metabolic 
capabilities (York, 2018). Historically, microorganisms have been studied in cultures (Lok, 
2015) but this approach provides little insights on their function and role in the natural habitat 
(Hiergeist et al., 2015; Lau et al., 2016; Team, 2019). Furthermore, the vast majority of microbial 
species currently remains difficult to culture (Lloyd et al., 2018). In natural environments, 
microorganisms typically co-exist with hundreds or thousands of other species, and thrive in a 
complex web of both symbiotic and competitive partnerships (Palkova, 2004; Forbes et al., 
2017). To study these native activities and interactions, scientist must investigate microbial life 
in the context of their complex communities – microbiomes.  
Most microbiomes contain a large number of microbial species, with a deep reservoir of 
lowly-abundant taxa (Lennon and Jones, 2011; Lok, 2015; Locey et al., 2017). Modern next-
generation sequencing technologies, specifically Illumina’s high-throughput platforms, have 
revolutionized the microbiome research field by allowing us to begin dissecting some of the 
taxonomic and functional complexity of these communities, however, the full depth of 
microbiome diversity remains difficult to resolve – the so-called dark matter of microbiology 
(Lok, 2015; Solden et al., 2016; Nayfach et al., 2019). One of the limiting factors for the 
advancement of the field of metagenomics is the immense analytical challenge such data 
presents for microbiologists (Teeling and Glockner, 2012; Mangul et al., 2019a). While there are 
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hundreds of bioinformatics prepackaged programs that are relatively “easy to use”, significant 
computational bioinformatics expertise is still required to manipulate and effectively work with 
large sequencing data (Mangul et al., 2019a; Mangul et al., 2019b). Biologists are expected to 
masterfully string together dozens of manual steps and programs needed to take the data from the 
raw sequencer output to viewable and comprehensible data. While relatively more mature 
genomics fields such as transcriptomic analysis of model organisms have well-documented 
pipelines, new rapidly-developing fields such as metagenomics and metatranscriptomics lack 
such unifying platforms (Sczyrba et al., 2017).  
Metagenomic shotgun data poses a unique challenge for bioinformatics. While even the 
assembly of complete genomes of single isolated organisms is a complex task due to the large 
search space when looking for read overlaps (Hunter et al., 2012; Forbes et al., 2017), in 
metagenomics, the individual short reads could belong to any member of the microbial 
community that was being sequenced, the majority of which with low sequencing coverage. This 
complicates the assembly process, resulting in highly fragmented assemblies that then need to be 
further processed to recover complete genomes (Olson et al., 2017; Ayling et al., 2019). Through 
a process called “binning” the relatively short (typically 1 kb – 100 kb) contigs are grouped 
together based on a variety of metrics to produce clusters of contigs predicted to belong to the 
same organism (Sangwan et al., 2016). These “bins” can be verified by the presence of an 
appropriate number of universal single-copy marker genes (Parks et al., 2015; Seppey et al., 
2019), and may be declared as metagenome-assembled genomes (MAGs) fit for further analysis 
(Murovec et al., 2020). Metagenomic binning is a relatively new field, and existing algorithms 
are mainly targeted at microbial communities that are relatively simple to de-convolute, 
particularly human-associated microbiomes (Wu et al., 2014; Kang et al., 2015). The 
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development of a more advanced algorithm for more complex metagenomes would help a 
variety of microbial fields, particularly the study of halophile and soil microbiomes, which are 
difficult to resolve with binning due to their high strain-level heterogeneity (Ramos-Barbero et 
al., 2018; Uritskiy and DiRuggiero, 2019).  
Despite the difficulty of studying microbial life in their native microbiomes, the progress 
made in this field of biology over the last few decades resulted in many discoveries in a variety 
of fields (Alves et al., 2018; Ngara and Zhang, 2018). The study of human-associated 
microbiomes revealed a high degree of co-dependence of the microbiota with the human host 
(Team, 2019; Uhr et al., 2019). In particular, the composition and metabolic activities of gut-
associated microbiomes have been linked to a number of clinically-relevant human conditions, 
including susceptibility to many pathogens, obesity, diabetes, allergies, and even depression 
(Feng et al., 2018; Mohajeri et al., 2018). In environmental engineering, microbiome research let 
to many breakthroughs in characterizing and even manipulating the biochemical landscapes of 
bodies of water and farming fields (Techtmann and Hazen, 2016; Orellana et al., 2018). In 
alternate fuel research, synthetic microbiomes in bioreactors are already being used for efficient 
and targeted biodegradation of complex biological waste into usable fuel sources (Ellis et al., 
2012; Mardanov et al., 2019).  
While many discoveries and applications are already made, it is important to remember 
that we still possess only a surface-level understanding of microbiome function (Blaser et al., 
2016; Team, 2019). As such, in order to accelerate translational microbiome, the field still needs 
to advance its fundamental understanding of microbial phylogenetic and functional diversity and 
dynamics by studying them in their native environments (Waldor et al., 2015). Indeed, the study 
of natural model microbiomes found in bodies of water, soils, plants, and animals have all let to 
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breakthroughs in our understanding of microbiome composition and functional dynamics that 
have been invaluable to the field (Parks et al., 2017; Escalas et al., 2019). Similar studies have 
already resulted in many advancements in our understanding of general microbiology principles 
(Oren, 2008; Bowers and Wiegel, 2011), and led to the discovery of hundreds of novel taxa 
(Oren, 2008; Loukas et al., 2018).  
To study microbial community composition dynamics and to develop analytical 
advancements for metagenomic and metatranscriptomic data analysis, I chose to work on model 
desert microbiomes inside salt nodules of the Atacama Desert, Chile. These salt formations – 
called halite nodules – contain taxonomically diverse microbial communities that are good 
models for studying community composition and adaptation. Encased in rocks, these 
microbiomes are largely physically segregated from one another. With limited inter-nodule cell 
dispersal, the community in each halite is allowed to mostly develop mostly independently, 
which results in a unique species-scale composition. This allows researchers to glean insight into 
both the stochastic and the deterministic elements of microbial community structure and 
assembly (Crits-Christoph et al., 2016a). In turn, this presents a unique opportunity for me to 
investigate community adaptation rates and processes (Qu et al., 2019). In addition, studying 
how these organisms survive extreme desiccation, high ultraviolet exposure, saturated salt 
conditions, and temperature swings in the Atacama Desert can yield insight into unique 
extremophilic communities adapt to such inhospitable conditions (Dance, 2015; Wierzchos et al., 
2015). Finally, living at the dry limit for life makes halite microbiomes particularly sensitive to 
minor changes in water availability, making them a compelling model to investigate the early 
effects of climate change on microbiome composition and function (Uritskiy et al., 2019a). 
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Halite nodules are found in evaporitic salt flats (Wierzchos et al., 2006) and are 
comprised almost entirely of NaCl salt. The deliquescent properties of salt allow the nodules to 
draw moisture from the air when the humidity rises above 75% RH, which produces small 
amounts of brine in the interior of the halite nodules (Wierzchos et al., 2012). Due to the 
inconsistent and rare precipitation in Northern Atacama Desert, deliquesce is the only reliable 
source of water for the life residing within the nodules. The proximity of the Pacific Ocean and 
the presence of unique wind patterns result in extreme relative humidity swings during the diel 
cycle – from 30% during the day to 90% during the night (Cereceda et al., 2008; Finstad et al., 
2016). As the halites dehydrate during the day, capillary action moves more brine toward the 
surface, resulting in an overall displacement of the salt, as well as moving organic molecules and 
possibly live cells (Davila et al., 2008; Davila et al., 2013).  
Because of the saturated salt conditions inside the halite evaporitic nodules, the microbial 
communities within are comprised entirely of highly adapted halophiles (Robinson et al., 2015; 
Crits-Christoph et al., 2016a; Finstad et al., 2017). Previous research used metagenomic 
sequencing to explore the major taxa of halite microbial communities. Most of the community’s 
biomass is comprised of a large and diverse group of heterotrophic Archaea, mostly represented 
by Halobacteria. The other dominant heterotrophic group are Bacteroidetes, mostly represented 
by Salinibacter. Other heterotrophs in the community include halophilic Proteobacteria, 
Actinobacteria, and ectoparasite Halobacteria – Nanohaloarchaea (Crits-Christoph et al., 2016a; 
Hamm et al., 2019).  
Most halophilic taxa are salt-out strategists, meaning they actively export sodium ions 
and accumulate high concentrations of compatible organic solutes inside to combat the external 
osmotic pressure (Oren, 2013). Under saturated salt conditions, however, this approach to osmo-
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regulation becomes prohibitively bio-energetically expensive, leading to some some halophiles 
deploying the salt-in strategy, in which they selectively import potassium ions to counteract the 
external osmotic pressure from sodium ions (Oren, 2008; Gunde-Cimerman et al., 2018). The 
biologically available carbon in the community is fixed by several species of Cyanobacteria 
(Crits-Christoph et al., 2016a; Finstad et al., 2017) and a single green alga taxon (Robinson et al., 
2015; Crits-Christoph et al., 2016a). Previous in-situ work also demonstrated photosystem 
activity in the halite nodules, indicating that photosynthesis was occurring at specific times 
during the day (Davila et al., 2015a). However, much remains to be uncovered about the 
functional contributions of these community members (Davila et al., 2015b).  
From a metagenomic sequencing context, microbial communities found in high salt 
environments such as halite nodules pose computational challenges (Ramos-Barbero et al., 2018; 
Uritskiy and DiRuggiero, 2019). Some halophiles have been documented to have high horizontal 
gene transfer rates and high mutation rates, which contribute to the diversification of 
communities at the strain and species levels despite being constituted by only a few phyla (Papke 
et al., 2015; Fuchsman et al., 2017). From a metagenomic assembly and binning perspective, this 
poses a computational challenge that most software, aimed at less diverse microbiomes such as 
gut of water-column microbiomes are not able to resolve (Ramos-Barbero et al., 2018). In 
addition to developing more advanced assembly and binning algorithms capable of handling 
such data, the release of general analysis guidelines that halophile microbiologists can follow to 
process their data would aid the progress of this field (Uritskiy and DiRuggiero, 2019).  
The relative importance of specific taxa to the community functioning as a whole is 
difficult to estimate with metagenomic approaches, as taxa may be more or less active depending 
on  environmental conditions and basal metabolic rates, and functional potential do not 
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necessarily translate into function. Additionally, little is known about the metabolic pathways 
activated by members of this microbiome in the context of the entire community. Furthermore, 
whole-community shotgun metatranscriptomics has never been deployed in such a microbiome, 
making this a compelling opportunity to investigate the transcriptional functioning of a 
hypersaline community at the dry limit for life (Uritskiy and DiRuggiero, 2019).  
Because desert endolith microbiomes survive at the dry limit for life, small changes in 
water availability (lower or higher) could potentially have great consequences for their short-
term activity as well as long-term community composition. Past studies of desert soil microbial 
communities have shown them to be highly sensitive rain events (Frossard et al., 2015; Neilson 
et al., 2017; Azua-Bustos et al., 2018). Nothing is known about the temporal dynamics of halite 
microbiomes, however their potential sensitivity to changes in precipitation and atmospheric 
relative humidity make them a compelling model system to investigate the effects of climate on 
microbial communities. In 2015 Northern Chile experienced its first rain in 13 years. This 
remarkable event was the strongest rain recorded in the region, and was believed to result from 
global warming (Bozkurt et al., 2016). This presents a unique opportunity to study the early 
effects of global climate change on natural microbiomes. 
Existing research in the spatial distribution of desert extremophile microbiomes have 
demonstrated a correlation between community composition and water availability, which is 
particularly evident along humidity gradients found throughout the Atacama Desert (Crits-
Christoph et al., 2013; Neilson et al., 2017). However, little is known about the deterministic and 
stochastic processes driving these differences at different distance scales, particularly at very 
small scales (centimeters). The ubiquitous distribution of halite nodules throughout Salar Grande 
– one of the major salars in the Atacama Desert – allows for the study of the spatial dynamics of 
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halite microbiomes at multiple distance scales, including intra-nodule heterogeneity. Previously, 
microbial community composition differences have not been investigated in any endolithic 
substrate. The large sizes of halite nodules make this a great model system to investigate the 






The overall objective of my dissertation was to better understand and model the composition 
dynamics of microbiomes over temporal and spatial scales. To do this, I investigated the 
composition and transcriptional activities of microbial communities inside halite nodules – a 
unique high-salt desert ecosystem. My secondary objective was to release the analytical 
advancements that made this work possible as generalizable models and software for other 
microbiologists. 
 
Aim 1: Pipeline for metagenomic data analysis. In chapter 1, I reviewed the existing literature 
concerning the metagenomic interrogation of microbiomes in sigh-salt environments, identifying 
knowledge gaps in guidelines and software for such analysis. In chapter 2, I described 
metaWRAP – a software I built for streamlining and simplifying routine metagenomic analysis. 
The program features a consolidation algorithm that combines MAG predictions from multiple 
binning algorithms (e.g. metaBAT2, CONCOCT, MaxBin2, etc.) into a single superior set of 
bins. Efforts were made to make this software easily accessible and usable by the general 
microbiology research community. The resulting metagenomic platform was extensively utilized 
in processing data generated from the halite microbial community sequencing to advance the 
other aims of this work. 
 
Aim 2: Response of halite microbiota to a major rain event. In chapter 3, I looked at the 
response of the halite community to a record rain event in Northern Atacama Desert in order to 
characterize its resilience to weather perturbations. Amplicon and shotgun metagenomic 
sequencing were used to characterize changes in phylogenetic composition, metabolic potential, 
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and fine-scale strain composition of the halite microbial communities over a multiyear 
longitudinal study. We found that these highly-adapted desert extremophile exhibit hyper-
sensitivity to changes in water availability. The relative contributions of deterministic and 
stochastic processes were investigated during the response and recovery of the microbiome to 
this perturbation and allowed me to build a general framework for predicting the effect of 
environmental changes on microbial communities. 
 
Aim 3: Metatranscriptional activities of the halite microbial community. In chapter 4, I used 
total RNA sequencing to characterize the transcriptional contributions of major taxa in halite 
microbiomes. The transcriptional expression of functional pathways was also investigated in 
specific community taxa as well as the community as a whole. Taxon and pathway 
transcriptional activity levels were taken in context of their respective genomic abundance levels, 
as inferred from metagenomic sequencing of the corresponding replicates. Differential 
metatranscriptomics were used to attempt to investigate changes in activity throughout the diel 
cycle. In chapter 5, I built a novel bioinformatics software for the annotation of sRNAs using 
metagenomic and metatranscriptomic data. This software was used to investigate the regulatory 
role of sRNAs in the halite microbiome.  
 
Aim 4: Environmental factors governing spatial diversity in halite community composition. In 
chapter 6, I use ribosomal gene amplicon sequencing to interrogate the structure and composition 
of the halite community of Salar Grande and identify patterns related to spatial scales. I 
investigated several distance scales, ranging from regional scales (multiple kilometers apart) to 
ultra-nodule scales (centimeters apart within individual nodules). The molecular data was 
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combined with measurements of total biomass, intra-nodule light availability, and micro-climate 
metadata. The relative contributions of deterministic environmental factors were investigated at 






CHAPTER 1: Applying genome-resolved metagenomics to de-
convolute the halophilic microbiome 
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Abstract 
In the past decade, the study of microbial life through shotgun metagenomic sequencing has 
rapidly expanded our understanding of environmental, synthetic, and clinical microbial 
communities. Here, we review how shotgun metagenomics affected the field of halophilic 
microbial ecology, from functional potential reconstruction, virus-host interactions, pathway 
selection, strain dispersal, and novel genome discoveries. However, there still remain pitfalls and 
limitations from conventional metagenomic analysis being applied to halophilic microbial 
communities. Deconvolution of halophilic metagenomes has been difficult due to the high G+C 
content of these microbiomes and their high intraspecific diversity, which made both 
metagenomic assembly and binning a challenge. Halophiles are also underrepresented in public 
genome databases, which in turn slows progress. With this in mind, this review proposes 
experimental and analytical strategies to overcome the challenges specific to halophilic 
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microbiome from experimental design, to data acquisition, to computational analysis of 
metagenomics sequences. Finally, we speculate on the potential applications of other next-
generation sequencing technologies to halophilic communities. RNA sequencing, long read 
technologies, and chromosome conformation assays, no initially intended for microbiomes, are 
becoming available to study microbial communities. Together with recent analytical 
advancements, these new methods and technologies have the potential to rapidly advance the 







 Microbial life is one of the most diverse and bio-energetically dominant forces in Earth’s 
ecosphere (Graham et al., 2016), making microbiome research a critical component of modern 
ecology. The unparalleled taxonomic and functional diversity of microbiomes allowed them to 
populate all locations on the planet (Whitman et al., 1998; Kallmeyer et al., 2012), including 
environments unfit for habitation by other life forms. In hyper-saline environments, unique 
environmental pressures forced microbiota to evolve specific survival adaptations, resulting in 
highly resilient communities that push the boundaries of life’s limit (Figure 1.1). Halophiles have 
been found to play important roles in soil bioenergetics processes (Vera-Gargallo and Ventosa, 
2018), food storage and preservation (Henriet et al., 2014; Gibtan et al., 2017), and have also 
been detected in the human gut microbiota (Seck et al., 2018). Additionally, studying halophilic 
life-forms revealed many fundamental aspects of life’s survival limits and strategies, including 
its potential to endure the harsh environments we are most likely to find on other planets (Ma et 
al., 2010; Oren, 2014b). Prior to the introduction of high-throughput sequencing our 
understanding of halophile genomics was limited to studying cultured organisms (Rinke et al., 
2013; Hedlund et al., 2014). While next-generation sequencing technologies have become 
commonplace in microbiology, the halophile field lacks a critical analysis of prospects and 
potential applications of these technologies to halophilic microbiomes.  
 In this review, we discuss key aspects of halophile community composition and function 
that metagenomics has revealed and provide examples of studies in various hyper-saline 
environments for perspective on analytical progress. We then examine the advantages and 
limitations of applying shotgun metagenomic sequencing to uncover the structure and 
functioning of halophilic microbiomes. We outline the factors and characteristics that make the 
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de-convolution of halophilic metagenomes a major challenge, and propose analytical 
adjustments to be made when investigating these complex communities. Both experimental 
design and computation analysis approaches appropriate in halophilic metagenomics are 
summarized. Finally, we discuss novel sequencing technologies that show promise to further 
propel the halophile metagenomic field.  
 
Shotgun sequencing in metagenomics 
 Rapid developments in high-throughput DNA sequencing technologies since 2008 have 
propelled our understanding of not only single-organism genetics, but also microbiome 
community structure and function. Marker gene (particularly 16S rRNA gene) amplicon 
sequencing revealed the taxonomic composition of a given community through sequencing a 
small target of the community’s DNA. In contrast, whole-metagenomic sequencing (WMGS) 
theoretically allows for reconstruction of the entire microbial community DNA content. This has 
led to a number of important findings in microbiome research (Ranjan et al., 2016; Tessler et al., 
2017), as biologists were able to thoroughly investigate microbial communities at the genetic 
level without the need for culturing (Quince et al., 2017a).  
  However, while sequencing technologies are rapidly developing, producing complete 
genomes of all the microorganisms found in a community is currently unattainable due to low 
sequencing coverage of the less abundant organisms. Additionally, sequence repeats and regions 
of homology between organisms limits genome recovery from short-read data, resulting in 
incomplete assemblies. Instead, long contiguous pieces (contigs) of genomes are produced, 
ranging in length from 1Kbp to 1Mbp (Ghurye et al., 2016; Olson et al., 2017). These contigs 
then need to be grouped based on the genome they belong to, a process known as binning. It is 
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only recently that binning has become reliable enough to produce reasonably high-quality 
metagenome-assembled genomes (MAGs). The ability to produce high quality MAGs has in turn 
led to the discovery of thousands of novel organisms and thus enabled many breakthroughs in 
characterizing the taxonomic and functional components of microbiomes (Sangwan et al., 2016; 
Tully et al., 2018; Uritskiy et al., 2018b). 
 Shotgun metagenomics offers tremendous advantages in recovering taxonomic and 
functional potential components of microbial communities, however sequencing costs deter 
some researchers from deploying this approach in their studies. The high average read coverage 
required for the assembly of a genome from shotgun reads (Sims et al., 2014) presents a major 
challenge for the assembly of lowly-abundant organisms in a metagenomic context. These highly 
diverse but under-represented taxa often constitute significant proportions of microbial 
communities and play important roles in biome functioning (Zaheer et al., 2018). Despite these 
challenges, whole metagenomic sequencing (WMGS) carries tremendous benefits, empowering 
researchers to study previously unknown aspects of microbiomes. In particular, WMGS allowed 
for the reconstruction of a given community’s gene content, which enabled ecologists to predict 
the functional potential of entire communities. This new angle of microbiome analysis enabled 
prediction of metabolic processes potentially present in communities, and the study of 
community natural selection at the functional level (Wang et al., 2013; Sharifi and Ye, 2017). 
The possibility of studying the functional potential of any organism in a community means that 
our understanding of microbial genetics, dynamics, evolution and function was no longer limited 
to cultured organisms. In many fields such as the human microbiome research, this has hailed a 
new era for research (Wang et al., 2015; Quince et al., 2017b).  
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Halophilic microbiome research powered by shotgun metagenomics 
Numerous breakthroughs in halophilic microbiome research have been enabled by 
WMGS (Hedlund et al., 2014) (Table 1.1). This sequencing approach interrogates the taxonomic 
structure of microbiomes in high-salt environments with significantly less taxonomy-based 
biases than conventional ribosomal amplicon sequencing. Indeed, in conventional 16S rDNA 
amplicon sequencing, primer choices can have a massive impact on the taxonomic distribution of 
the data (Poretsky et al., 2014). While WMGS still has biases associated with G+C content, 
taxonomic annotation of shotgun reads usually results in more accurate and robust taxonomic 
profiles than amplicon sequencing (White et al., 2009). This is particularly important in high-salt 
environments where both Archaea and Bacteria are found in high abundance, because it is 
difficult to reliably amplify both domains with the same set of primers. WMGS also provides 
DNA sequences that are not targeted by 16S rDNA amplification, including Eukaryotic 
genomes, DNA viruses, and extra-chromosomal DNA such as plasmids.  
The reconstruction of viral genomes from hyper-saline environments (Roux et al., 2016) 
and halite endolithic communities (Crits-Christoph et al., 2016a) using WMGS has resulted in 
the characterization of a major aspect of halophilic microbiomes that was previously unexplored. 
Viruses infect and kill microorganisms, effectively playing the role of predators in many 
microbiomes and contributing to nutrient turnover (GuixaBoixareu et al., 1996; Pedros-Alio et 
al., 2000). Their lytic activity releases the contents of cells into the environment, making their 
nutrients available to other members of the community. Perfect alignments between CRISPR 
spacers of microorganisms and virus genomes have been used in solar salterns to infer previous 
infections, and thus establishing putative virus-host interactions (Moller and Liang, 2017). In 
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endolithic halophiles, virus sequences encoded in CRISPR arrays have been used as a high-
sensitivity strain signature, and allowed the tracking of strain dispersal (Finstad et al., 2017).  
As previously mentioned, one of the biggest strengths of WMGS is the ability to 
reconstruct the functional potential of a microbial community. With WMGS, hypersaline water 
(Oren, 2014b; Kimbrel et al., 2018), soil (Vera-Gargallo and Ventosa, 2018), and endolithic 
(Uritskiy et al., 2018a) microbiomes have been characterized in terms of their functioning, 
particularly their ability to use a range of energy sources. Building on previous culture-dependent 
methods, systematic functional analysis of halophilic metagenomes led to major improvements 
in our understanding of halophile osmotic adaptation and evolution (Becker et al., 2014). 
Functional annotation of longitudinal studies of halophiles from saltern, hypersaline lake, and 
salt mineral environments have also led to the characterization of horizontal gene transfers, 
evolutionary dynamics, and functional adaptations across time and space (DeMaere et al., 2013; 
Kimbrel et al., 2018; Tschitschko et al., 2018; Uritskiy et al., 2018a). Functional potential 
profiling also uncovered the selective pressures and community functional dynamics, which are 
not possible to investigate through taxonomy alone due to high functional redundancy. With 
WMGS analysis rapidly improving and halophile databases rapidly growing (Loukas et al., 
2018), more breakthroughs will follow.  
Another major aspect of metagenomics facilitated by WMGS is the reconstruction of 
novel individual genomes of halophiles. This is particularly important because extreme 
halophiles, and extremophiles in general, have been difficult to isolate due to specific growth 
conditions requirements, symbiotic relationships, and cross-species functional pathways (Solden 
et al., 2016). The binning of metagenomics assemblies has enabled researchers to recover 
hundreds of halophilic MAGs in the past decade (Loukas et al., 2018) with many belonging to 
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previously unknown orders or even phyla. The recovery of near-complete genomes of 
Nanohaloarchaea and Halobacteria from metagenomics samples has improved our overall 
understanding of halophilic microbiomes, while empowering future research by expanding 
existing taxonomic and functional annotation databases (Narasingarao et al., 2012; Ventosa et 
al., 2015). In a positive-feedback loop, the rapidly increasing number of annotated reference 
halophile genomes is allowing for more accurate taxonomic and functional annotation in 





Figure 1.1. Photographs of commonly studied hyper-saline environments. 
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Table 1.1. Studies that uncovered novel aspects of halophilic microbial communities through 
WMGS in hypersaline environments (list is not exhaustive).  
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Limitations of shotgun metagenomics in halophile research 
 In contrast to human and synthetic microbiomes, the reconstruction of environmental 
metagenomes has been complicated by their sheer diversity and microdiversity. This is 
especially true in high-salt environments, which often host microbial communities with low 
taxonomic diversity but very high intraspecific diversity and characteristically high G+C content 
(Papke et al., 2004; Cuadros-Orellana et al., 2007). The presence of a large number of highly 
similar strains presents major challenges for de-convoluting their DNA content through 
metagenomic assembly and binning, and the high G+C content reduces the fraction of unique 
sequences in the samples (Chen et al., 2013; Ramos-Barbero et al., 2018). For example, 
halophilic endolith communities are typically dominated by Halobacteria and Salinibater, 
however their high strain diversity, and G+C content over 60%, leads to relatively poor assembly 
and MAG quality (33). In contrast, other community members that are less abundant and have 
low G+C content, such as Cyanobacteria, Actinobacteria, and Gammaproteobacteria, have 
yielded high quality MAGs (Uritskiy et al., 2018a).  
 Due to the previously mentioned difficulties in culturing a diversity of halophiles, there is 
a relatively small number of genomes available. In 2018, there were just 1088 complete 
halophile genomes available in all databases – a tiny number in the era of high throughput 
sequencing, which thus far yielded over 200,000 Prokaryotic complete genomes (Haft et al., 
2018). This leaves MAG extraction from environmental sequencing data the primary method for 
obtaining the genomes of halophilic organisms, which has also been difficult due to their 
metagenomic properties. In a negative feedback loop, this in turn further stalled progress of 
halophilic microbiome research, as the lack of available reference genomes made taxonomic and 
functional annotation difficult. As WMGS becomes commonplace in microbiome research, it is 
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crucial that the halophile field takes full advantage of the new technology and the use of newly 
available bioinformatic tools to further its understanding of microbial community assembly and 
function. Since 2014-2015, improvements in analytical methods and assembly software such as 
metaSPAdes (Nurk et al., 2017), binning software such as metaBAT (Kang et al., 2015), and 
processing pipelines such as metaWRAP (Uritskiy et al., 2018b) allowed for effective de-
convolution of WMGS data from even the most complex microbiomes. These new progress will 
greatly benefit the halophile research field if applied effectively. 
 
Experimental design considerations for sequencing halophilic metagenomes 
 There are two general approaches to metagenomic sequencing and analysis – (1) co-
assembly of multiple shallowly-sampled samples or (2) individual processing of a few deeply 
sequenced samples. Both approaches have their benefits and limitations, depending on the 
microbiome that is sequenced and the biological question to answer.  
 In the first approach, samples are sequenced with relatively low read coverage and reads 
from all samples are combined during metagenomic assembly (Figure 1.2A). In research projects 
that demand a large number of samples, such as longitudinal studies, this results in low 
sequencing costs per sample, while also producing high quality MAGs from the co-assembly by 
leveraging differential abundances of the contigs across samples (Kang et al., 2015; Uritskiy et 
al., 2018b). The taxonomic and functional composition of individual samples can be interrogated 
by linking the taxonomic and functional annotations of each contig with its abundance in each 
sample, allowing for easy comparison between large numbers of samples (DeMaere et al., 2013; 
Uritskiy et al., 2018a). Finally, co-assembling data from multiple samples enhance the recovery 
of genomes from low-abundance organisms, which is not possible from individual samples due 
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to low coverage (Narasingarao et al., 2012). However, the use of co-assembly in metagenomics 
comes with significant drawbacks (Ramos-Barbero et al., 2018) including the high 
computational costs of co-assembling large data and the high level of microdiversity introduced 
by each new biological replicate. This later point might be counter-intuitive but it leads to poor 
assemblies of very abundant taxa because accumulated mismatches from strain heterogeneity 
complicate the De Bruijn graph during assembly. This is particularly problematic with halophilic 
microbiomes that are often dominated by highly diverse groups of Euryarchaeota and 
Bacteroidetes (Ventosa et al., 2015). The high population microdiversity of these taxa is 
exacerbated when using multiple biological replicates and results in poor, fragmented or 
chimeric assemblies (Ramos-Barbero et al., 2018). This in turn translates in poor-quality MAGs. 
However, when a broad capture of community diversity across many samples is the intent of the 
study, these limitations should then be considered in data interpretation.  
 An alternative approach to co-assembly is to sequence a small number of samples with 
deep coverage, and process them individually (Figure 1.2B). Because of the reduced 
microdiversity, individual assemblies produce larger contigs given comparable sequencing depth 
(Haro-Moreno et al., 2018). After binning each sample separately, MAGs can be combined into a 
single set through de-replication, removing duplicate MAGs that share high nucleotide identity 
(Olm et al., 2017). As with the co-assembly approach, differential contig coverage across 
samples may be used to improve the binning results (Finstad et al., 2017). While this method is 
superior in highly heterogeneous communities such as halophilic microbiomes, it comes at a 
major increase in sequencing cost per sample. For most metagenomes, a meaningful assembly 
(N50>5Kbp) requires 25-50Gbp of sequencing data per sample, which limits the number of 
samples that can be multiplexed on a sequencing run. In turn, the limited replication reduces the 
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effectiveness of binning, which leverages differential coverage of contigs across many samples 
to increase binning accuracy (Goodrich et al., 2014). For many studies that require a large 
number of replicates, such as longitudinal studies, the cost of this approach may become 
prohibitively expensive.  
An additional consideration in choosing a strategy for metagenomic sequencing and 
analysis is that of inter-sample community diversity. Communities in aquatic biomes, such as 
hyper-saline lakes or brine ponds, are often more homogenous, harboring the same 
microorganisms with different relative abundances at different sampling locations. Under those 
conditions, a co-assembly strategy for metagenomics, as discussed above, is often preferred 
(Narasingarao et al., 2012; DeMaere et al., 2013; Vavourakis et al., 2016). In contrast, in 
terrestrial microbiomes with limited dispersal, such as halite nodules in Salars of the Atacama 
Desert that contain unique taxonomic compositions, an individual assembly approach is more 
advantageous (Crits-Christoph et al., 2016a; Finstad et al., 2017). Hybrid approaches are also 
possible in many cases, as binning of the individual and grouped assemblies may be combined 
and de-replicated to obtain the most robust MAGs of both rare and abundant species (Stewart et 
al., 2018). Regardless of the experimental design, it is critical to process samples, generate 
libraries, and sequence samples together to avoid batch effects (Gibbons et al., 2018). If more 
than one flowcell is required to achieve the desired read depth, it is usually better to sequence the 
pooled libraries on several flowcells than to sequence each sample on its own flowcell (Gibbons 
et al., 2018). For library preparation, it is recommended to use protocols that produce minimal 
G+C biases in coverage, particularly in halophilic communities that have high G+C-content 
variation in their metagenomes (Paul et al., 2008; Jones et al., 2015). 
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The take home message is that when conducting a halophile metagenomic study it is 
especially important to design the sampling and sequencing scheme with the statistical questions 
in mind. Because of the high strain-level diversity typically found in halophilic microbiome, the 
experimental design should avoid adding unnecessary replicates into the study, as each added 
biological replicate will introduce more microdiversity into the data, further complicating the 
assembly and binning stages of the analysis (Ramos-Barbero et al., 2018). In practical terms, 
unless the intent of the study is to capture maximum diversity, the experimental design should 
include the minimum number of biological replicates that will allow the intended statistical 




Figure 1.2: Flowcharts showing two common experimental designs and analysis workflows: (A) 





Best bioinformatics practices for halophilic metagenome analysis 
 When processing halophilic metagenome sequencing data, it is important to adjust 
existing pipelines to accommodate for high intraspecific diversity, G+C-content diversity, and 
underrepresentation in most sequence databases. While this section does not provide a step-by-
step instruction of bioinformatics analysis, it outlines core considerations and adjustments 
scientists should be making while interrogating halophilic metagenomes. While automated 
metagenomic analysis pipelines such as metaWRAP (Uritskiy et al., 2018b) or SqueezeM 
(Tamames and Puente-Sanchez, 2018) may be used to streamline and simplify analysis, pipelines 
that are specifically trained on/or intended for animal microbiomes such as the gut microbiota 
should be avoided. Indeed, these latter pipelines rely strongly on pre-existing taxonomic and 
functional databases of closely related organisms, as the majority of organisms found in host-
associated microbiomes have been sequenced and characterized.  
 The pre-processing of WMGS data, which typically includes read trimming, duplicate 
read removal, and metagenomic assembly, is standard for most types of metagenomes. We 
encourage testing a variety of software and comparing the results with evaluation programs such 
as FastQC (Brown et al., 2017b) (for read quality) and MetaQUAST (Mikheenko et al., 2016) 
(for assembly quality), as some methods may be more suited for specific types of microbial 
community types (Sczyrba et al., 2017). For metagenomic assembly, metaSPAdes (Nurk et al., 
2017) is currently considered to be the best overall, while MegaHIT (Li et al., 2016) is a better 
solution when resources are a limiting factor as it is significantly faster and requires less memory 
(Vollmers et al., 2017).  
 In contrast to assembly, the annotation of halophilic metagenomes for taxonomies and 
functions can be somewhat compromised because halophiles have extremely limited 
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representation in standard-distribution taxonomic databases (Wheeler et al., 2001; O'Leary et al., 
2016), which introduces significant biases in sequence annotation. As of 2018, there were only 
942 published complete halophilic genomes available in NCBI (Loukas et al., 2018) – the main 
database used as a reference in most taxonomic and functional annotation software. Regarding 
methods for taxonomic profiling, general alignment-based methods such as MegaBLAST(Chen 
et al., 2015) are usually too specific for annotating halophilic DNA sequences, especially non-
assembled reads. To produce more balanced taxonomic annotation given the limited databases, it 
is recommended to assign taxonomy to assembled contigs based on genes that they carry, and 
then infer taxonomy of reads based on their alignment to the contigs. If the intent is to obtain the 
most accurate taxonomic distribution profile of the community, extracting and annotating marker 
genes such as 16S rRNA genes with EMIRGE is usually the best alternative (Miller et al., 2011), 
as rRNA gene databases are more established and encompass greater taxonomic diversity (Quast 
et al., 2013).  
 Functional annotation – the functional categorization of genes – in halophile 
metagenomes is also severely limited by existing databases, especially compared to human 
microbiomes. Because many halophilic genes are not annotated in NCBI databases, 
metagenome-inclusive custom or specific databases are preferred, as they contain a greater 
variety of non-cultured organisms. In particular, services such as the Integrated Microbial 
Genomes systems (Chen et al., 2017) include taxonomic and functional annotation models that 
are trained on user-submitted metagenomic data, including high-quality MAGs. The annotation 
sensitivity resulting from using the newest metagenomic data is extremely valuable for both 
functional and taxonomic annotation in relatively understudied systems such as halophilic 
microbiomes. Annotation pipelines geared towards human microbiomes such as HUMANN2 
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(Abubucker et al., 2012) should be avoided, as they rely on the presence of closely-related 
organisms in databases.  
 Finally, the success of metagenomic binning of assemblies will depend greatly on the 
software choice, as binning programs perform differently on various data types (Uritskiy et al., 
2018b). Additionally, many popular binning software such as metaBAT1 are trained on gut 
microbiome data (Kang et al., 2015), potentially limiting their efficacy in complex halophilic 
communities. Furthermore, benchmarking of such algorithms is often done on real or synthetic 
gut microbial communities (Sczyrba et al., 2017).  Because of this, it is recommended to bin the 
metagenomic assembly with a variety of the most recent binning software such as metaBAT2 
(Kang et al., 2015) and CONCOCT (Alneberg et al., 2014) and to use a binning consolidation 
tool such as metaWRAP or DAS_Tool to produce the best final bin set (Sieber et al., 2018; 
Uritskiy et al., 2018b). When estimating the read coverage of the contigs in a given sample to 
feed into the binning algorithms, it is important to remember that they represent collapsed 
averages of a number of strains. Given the high intraspecific diversity of halophilic microbiomes 
(Ramos-Barbero et al., 2018), more accurate abundance estimation could potentially be obtained 
with slightly relaxed read alignment parameters to allow more approximate matches.  
 Considering the overwhelming number of metagenomic bioinformatics tools coming out 
each year, it is difficult to keep up to date with the best analytical methods. In general, we advise 
testing and benchmarking multiple software for each analytical step to determine the best option, 
as many conventionally used software behave unpredictably with halophilic sequence data. For 
annotation, emphasis should be placed on high sensitivity rather than high precision, given the 
database limitations.   
 
 32 
The future of halophilic metagenomics 
Beyond shotgun sequencing of a microbiome DNA content, there exist a number of other 
sequencing technologies that have become available and may further our understanding of 
halophilic ecosystems. Studies applying these technologies to more developed microbial fields 
such as human gut microbiomes show their great promise and their potential applications to 
halophilic microbial communities in the near future.  
Conventional Illumina sequencing is limited to short DNA fragments (50bp-250bp), as 
errors accumulate rapidly at higher read lengths. However, read length, together with sequencing 
coverage, is undoubtedly a major limiting factor for metagenomics sequence assembly. Longer 
reads result in more accurate assembly and reduced chimeras, while improving the contiguity of 
the assembly by allowing assembly of repetitive DNA elements (Wommack et al., 2008). Recent 
sequencing technologies – minION from Oxford Nanopore and SMRT from PacBio sequencing 
– produce longer DNA fragments compared to Illumina. PacBio is able to consistently produce 
long reads (N50 up to 10Kbp) with a relatively high degree of accuracy (Rhoads and Au, 2015; 
Frank et al., 2016), while Nanopore sequencing produces even longer reads (N50 up to 100Kbp) 
but with some sacrifices to accuracy (Brown et al., 2017a; Rang et al., 2018). Read lengths from 
these technologies enable for not only sequencing complete ribosomal genes for improved 
taxonomic annotation, but also for significantly improving the accuracy of metagenomics 
assembly and binning (Frank et al., 2016; Driscoll et al., 2017). In highly diverse halophilic 
communities, long reads can help assemble ambiguous regions resulting from taxonomic 
heterogeneity, drastically improving the quality of the metagenome assembly (Driscoll et al., 
2017). Pseudo-single cell technology from 10X Genomics, which tags each read with a barcode 
unique to the cell it came from, also show great promise in halophilic microbiome de-
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convolution, as they are able to produce strain-specific synthetic long reads originating from 
single cells (Moss et al., 2017). With reported maximum read lengths of over 1Mbp from 
Nanopore, long read technology is rapidly approaching the point where sequencing complete 
genomes in a single read will be theoretically possible (Jain et al., 2018). When this becomes 
reality, it will propel the field of metagenomics into a new post-assembly era. However, the 
recovery of lowly abundant taxa will remain a concern given the relatively low throughput of 
these methods. 
 Chromosome conformation capture assays (Hi-C) is another sequencing technology that 
shows great promise for the field of halophilic metagenomics. Hi-C assays crosslink DNA based 
on spatial proximity; the chimeric segments resulting from the crosslink events are then 
sequenced, revealing sections of DNA that were proximal to each other. Conventionally used to 
indirectly measure the proximity between sections of a genome, HiC was successfully applied to 
microbiomes to improve binning predictions in 2017 (Press et al., 2017). Considering the 
difficulty of binning halophilic metagenomes due to their heterogeneity, HiC could significantly 
improve halophile MAG extraction. HiC-based binning also enables recovery of extra-
chromosomic elements such as viral and plasmid DNA, which so far has been difficult to 
accomplish (Burton et al., 2014). HiC can also be used to produce DNA proximity maps in 
individual MAGs for the study of chromatin conformation in prokaryotes at the metagenomic 
and single-cell scale (Burton et al., 2014). 
 Finally, genome-resolved metatranscriptomics – the analysis of a microbial community’s 
RNA content – has been widely used in a variety of microbiomes to interrogate microbial 
transcriptional activities (Wang et al., 2015; Lavelle and Sokol, 2018). Metatranscriptomics have 
been used in halophile research to characterize carbon cycling in saline soils (Ren et al., 2018) 
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and extensively to characterize activity in soil microbiomes (Garoutte et al., 2016; Jiang et al., 
2016). However, it remains a largely under-deployed tool, partly due to difficulty in depleting 
ribosomal sequences in archaeal RNA. Another major deterrent has been the difficulty in 
standardizing transcript expression to the abundance of each individual organism in a sample. In 
other words, if a transcript is more abundant in a given sample, it can be difficult to determine if 
the organism carrying it is more abundant in that sample, or if it is truly highly expressed. 
However, with rapid improvements in genome-resolved metagenomic analysis of halophile 
communities, it is possible that the metatranscriptomic problem can be simplified down to more 





 Successful application of whole metagenomics to halophilic communities has already led 
to numerous breakthroughs in our understanding of their functional composition, virus-host 
interactions, strain diversity and dispersal, and uncovered thousands of novel halophile genomes. 
However, the genomic qualities and composition characteristics of halophilic communities made 
them difficult to de-convolute in a metagenomic context, limiting the information that can be 
extracted from halophilic shotgun metagenomes. Combined with relative low number of cultures 
of halophiles, this led to their underrepresentation in existing taxonomical and functional 
databases, which further complicated analysis. While in-silico de-convolution of halophilic 
metagenomes is a challenge, it can be accomplished with analysis workflows that account for 
specific characteristics of halophile communities. With proper utilization, the rapidly advancing 
sequencing technology has the potential to reconstruct the complete nucleic acid content of 




CHAPTER 2: MetaWRAP - a flexible pipeline for genome-resolved 
metagenomic data analysis 
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Abstract 
 The study of microbiomes using whole-metagenome shotgun sequencing enables the 
analysis of uncultivated microbial populations that may have important roles in their 
environments. Extracting individual draft genomes (bins) facilitates metagenomic analysis at the 
single genome level. Software and pipelines for such analysis have become diverse and 
sophisticated, resulting in a significant burden for biologists to access and use them. 
Furthermore, while bin extraction algorithms are rapidly improving, there is still a lack of tools 
for their evaluation and visualization. 
 To address these challenges, we present metaWRAP, a modular pipeline software for 
shotgun metagenomic data analysis. MetaWRAP deploys state-of-the-art software to handle 
metagenomic data processing starting from raw sequencing reads and ending in metagenomic 
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bins and their analysis. MetaWRAP is flexible enough to give investigators control over the 
analysis, while still being easy-to-install and easy-to-use. It includes hybrid algorithms that 
leverage the strengths of a variety of software to extract and refine high-quality bins from 
metagenomic data through bin consolidation and reassembly. MetaWRAP’s hybrid bin 
extraction algorithm outperforms individual binning approaches and other bin consolidation 
programs in both synthetic and real datasets. Finally, metaWRAP comes with numerous modules 
for the analysis of metagenomic bins, including taxonomy assignment, abundance estimation, 
functional annotation, and visualization. 
 MetaWRAP is an easy-to-use modular pipeline that automates the core tasks in 
metagenomic analysis, while contributing significant improvements to the extraction and 
interpretation of high-quality metagenomic bins. The bin refinement and reassembly modules of 
metaWRAP consistently outperform other binning approaches. Each module of metaWRAP is 
also a standalone component, making it a flexible and versatile tool for tackling metagenomic 






 The study of microbial communities through whole metagenomic (WMG) shotgun 
sequencing opens new avenues for the investigation of the metabolic potentials of microbiomes, 
in addition to their taxonomic composition (Jovel et al., 2016; Mendes et al., 2017; Quince et al., 
2017b). This greatly improves the ability to interpret and predict functional interactions, 
antibiotic resistance, and population dynamics of microbiomes, with applications in human 
health, waste treatment, agriculture, and environmental stewardship  (Wang et al., 2015; Guo et 
al., 2017; Meyer et al., 2017b). WMG shotgun sequencing reads from hundreds to thousands of 
community members generates unique challenges for data analysis and interpretation (Oulas et 
al., 2015; Quince et al., 2017b). Software for WMG data analysis have grown in number and 
complexity, improving our ability to process, analyze, and interpret such data (Sharpton, 2014; 
Escobar-Zepeda et al., 2015; Piro et al., 2017; Roumpeka et al., 2017; Sczyrba et al., 2017). 
However, these tools are burdensome for biologists to work with. As the field of WMG expands, 
comprehensive and accessible software for unified analysis of metagenomic data is needed 
(Escobar-Zepeda et al., 2015; Oulas et al., 2015).  
 Running a WMG analysis requires investigators to find the best currently available tools, 
install and configure them, address conflicting libraries and environment variables, and write 
scripts to convert outputs from one tool into the correct format to input into the next tool 
(Ladoukakis et al., 2014; Batut et al., 2017). These challenges present a major burden to anyone 
attempting metagenomic analysis, especially for investigators without computational experience, 
hindering progress of microbial genomics as a field (Kesh and Raghupathi, 2004). Existing 
automated pipelines and cloud services lack modularity, do not give users control over the 
analysis, and often lack functions for genome-resolved metagenomics, the extraction of putative 
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genomes (bins) through the binning of metagenomic assemblies (Alneberg et al., 2014; Keegan 
et al., 2016; Louvel et al., 2016; Batut et al., 2017; Chen et al., 2017).  
 Genome-resolved metagenomics allows for reconstruction of the functional potential of 
individual taxa and microbiome comparison at a finer scale. While a number of sophisticated 
tools such as CONCOCT , MaxBin, and metaBAT have been developed to address binning, it is 
still an actively improving field (Alneberg et al., 2014; Kang et al., 2015; Wu et al., 2016; 
Sczyrba et al., 2017). Qualities of a metagenomic bin are (1) completion, the level of coverage of 
a population genome, and (2) contamination the amount of sequence that do not belong to this 
population from another genome. These metrics can be estimated by counting universal single-
copy genes within each bin (Rinke et al., 2013; Sharon et al., 2013). CheckM improves on this 
by checking for single-copy genes that a genome of the bin’s taxonomy is expected to have 
(Parks et al., 2015). The percentage of expected single-copy genes that are found in a bin is 
interpreted as its completion, while the contamination is estimated from the percentage of single-
copy genes that are found in duplicate. 
 Most metagenomic binning tools extract bins by clustering together scaffolds that have 
similar sequence properties, such as K-mer composition and codon usage, and similar read 
coverages across multiple samples (Mande et al., 2012; Imelfort et al., 2014). Because no single 
binning approach is superior in every case, bin consolidation tools attempt to combine the 
strengths and minimize the weaknesses of different approaches. DAS_Tool predicts single-copy 
genes in all the provided bin sets, aggregates bins from different binning predictions, and extracts 
a more complete consensus bin from each aggregate such that the resulting bin has the most 
single-copy genes while having a reasonably low number of duplicate genes (Sieber et al., 2018). 
This collapsing approach significantly improves the completion of the bins. Binning_refiner, on 
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the other hand, splits the contigs into more bins such that no two contigs are in the same bin if 
they were in different bins in any of the original bin sets. This breaks the contigs into many more 
bins, reducing contamination(Song and Thomas, 2017). Both of these approaches consolidate 
sets of bins from different methods and result in a superior bin set, but they have limitations – 
DAS_Tool increases completion at the expense of introducing contamination, while 
Binning_refiner prioritizes purity, but loses completeness. Another way to improve draft genome 
quality that is relatively unexplored is bin reassembly – extracting reads that belong to a given 
bin and assembling them separately from the rest of the metagenome. With proper 
benchmarking, this approach could significantly improve the quality and downstream functional 
annotation of at least some bins in a microbial community.  
 Because the field of shotgun metagenomics is relatively new, there is a lack of software 
to inspect, analyze, and visualize metagenomic bins. While there are tools that can accurately 
predict the taxonomy of metagenomic scaffolds (such as Taxator-tk), there is no tool to classify 
entire metagenomic bins (Wood and Salzberg, 2014; Droge et al., 2015). Similarly, there are 
many ways to estimate the coverage of scaffolds based on read alignment depth, but no way to 
find the coverages of entire bins across many samples (Li and Durbin, 2009; Quinlan and Hall, 
2010). Finally, there is no tool to visualize draft genomes in context of whole metagenomic 
communities. The need for an easy-to-use integrated tool for WMG data analysis, as well as the 






Main wrapper function 
MetaWRAP is command line software for Unix-based systems that calls on a collection of 
modules, each being a standalone program addressing one aspect of WMG data processing or 
analysis (Figure 2.1). Each module is a shell script pipeline that takes in a variety of input files 
parameters through command line flags. The modules call upon numerous installed software as 
well as custom Python 2.7 scripts. MetaWRAP relies on the modules folder (metawrap-
modules), the scripts folder (metaWRAP-scripts), and a file containing paths to databases 
(config-metawrap) to be available in the PATH. MetaWRAP is hosted on github 
(https://github.com/bxlab/metaWRAP), distributed through Anaconda (Grüning et al., 2017),  
and can be easily installed locally and on remote clusters . The metawrap-mg conda package 
(https://anaconda.org/ursky/metawrap-mg) includes metaWRAP and the necessary software for 
running any metaWRAP modules. The databases required by some modules need to be 
downloaded and unpackaged as described in the metaWRAP database download guide 
(https://github.com/bxlab/metaWRAP/blob/master/installation/database_installation.md), and 




The metaWRAP-Bin_refinement module produces a superior bin set from multiple original 
binning predictions. First, hybrid bin sets are produced with Binning_refiner (Song and Thomas, 
2017), which splits the contigs such that no two contigs are together if they were in different bins 
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in any of the original sets. Then the module goes over the different variants of each bin found in 
the original and hybridized bin sets, and choses its best version based on completion and 
contamination metrics estimated with CheckM (Parks et al., 2015). The decision of the “best 
bin” is based on the user-provided minimum completion and maximum contamination 
parameters. The contigs in the final bin set are then de-replicated, and a report of their 
completion, contamination, and other metrics is produced (Fig. 2.S2). See Supplementary 
Methods for more details on the Bin_refinement module. 
 
Reassemble_bins module 
The metaWRAP-Reassemble_bins module improves a set of bins by individually re-assembling 
each bin (Fig. 2.S3). Reads are mapped to the bins with BWA v0.7.15 (Li and Durbin, 2009) 
strictly (no mismatches) and permissively (<5 mismatches) and stored into their respective FastQ 
files. Importantly, read pairs will be pulled out even if only one read aligned to the bin. Each 
read set is then reassembled with SPAdes (Bankevich et al., 2012), which produces more 
contiguous sequences compared to metagenomic assemblers such as MegaHit (Li et al., 2016) 
and metaSPAdes (Nurk et al., 2017) used in the Assembly modules. CheckM (Parks et al., 2015) 
is used to evaluate the completion and contamination of each of the three versions of each bin – 
the original bin, the “strict” re-assembled bin, and “permissive” re-assembled bin and the best 
version of each bin is chosen for the final bin set based on the user-defined desired bin quality. 




RESULTS AND DISCUSSION 
MetaWRAP is a flexible, modular pipeline 
 
Fig. 2.1. Overall workflow of metaWRAP. Modules (red), metagenomic data (green), 
intermediate (orange) and final bin sets (yellow), and data reports and figures (blue).  
 
 
The metaWRAP installation produces a bioinformatics environment with over 150 commonly 
used bioinformatics software and libraries (Fig. 2.S1). MetaWRAP itself is a collection of 
modules, each of which uses a variety of pre-existing and newly developed software and 
databases to accomplish a specific step of metagenomic analysis. Unlike existing metagenomic 
wrappers and cloud services, metaWRAP retains modularity and grants the user control of the 
analysis pipeline. The user may follow the intuitive workflow starting from raw metagenomic 
shotgun sequencing reads all the way to high-quality draft genomes and their functional 
annotation, or use only specific functions, as each module is also a standalone program (Fig. 
2.1). 
 44 
 First, the metaWRAP-Read_qc module, trims the raw sequence reads, removes human 
contamination, and produces quality reports for each of the sequenced samples. The reads from 
all given samples can then be assembled with the metaWRAP-Assembly module using MegaHit 
(Li et al., 2016) or metaSPAdes (Nurk et al., 2017), which also produces an assembly report. 
Both the reads from each sample and the assembly can be rapidly taxonomically profiled with 
the Kraken (Wood and Salzberg, 2014) module, producing interactive kronagrams (Ondov et al., 
2011) of community taxonomy. It should be noted that while KRAKEN is fast, post-
classification standardization may be needed to obtain a more accurate community composition 
estimate (Lu et al., 2017). The assembly is then binned with the metaWRAP-Binning module by 
three metagenomic binning software – MaxBin2, metaBAT2, and CONCOCT (Alneberg et al., 
2014; Kang et al., 2015; Wu et al., 2016). 
 The other modules of metaWRAP focus on refining, analyzing, and visualizing 
metagenomic bins from either the Binning module or other sources. The metaWRAP-
Bin_refinement module consolidates multiple binning predictions into a new, improved bin set, 
while also proving metrics of their completion and contamination. MetaWRAP-Reassemble_bins 
can then be used to reassemble the reads belonging to each bin, improving their N50, 
completion, and contamination. The resulting bins can be visualized by using the metaWRAP-
Blobology module (Kumar et al., 2013), which plots the contigs of the joint assembly on a blob 
plot, annotating them with their taxonomy and bin membership. The metaWRAP-Quant_bins 
module can be used to quickly estimate the abundance of each bin in each of the metagenomic 
samples. MetaWRAP-Classify_bins can be used to conservatively, but accurately estimate their 




Compute time of metaWRAP modules 
The runtime of each metaWRAP’s modules was evaluated on a subset of the Human Intestinal 
Tract (MetaHIT) survey (Qin et al., 2010). The same subset is used in the metaWRAP tutorial 
page https://github.com/bxlab/metaWRAP/blob/master/Usage_tutorial.md. The data contained 3 
WMG samples, totaling 145.8 million 75bp paired-end reads, or 21.9Gbp of sequencing data. 
MetaWRAP was used to analyze this dataset on a Linux server with 24 cores and 100GB of 
RAM. All modules were run on default settings, and the total runtime of each module was 
recorded. The entire pipeline was completed in 5h36m, with the majority of compute time 
dedicated to the Read_qc, Binning, Bin_refinement, and Reassemble_bins modules. With the 
exception of CONCOCT (Alneberg et al., 2014), the programs wrapped into metaWRAP can 
take advantage of multi-core systems, and scale well with larger datasets. MetaWRAP itself also 




MetaWRAP-Bin_refinement improved bin predictions in synthetic data 
 
Fig. 2.2. True completion and contamination of bins recovered from the CAMI’s high, medium, 
and low complexity synthetic data sets using original binning software (metaBAT2, MaxBin2, 
and CONCOCT) and software consolidating the original sets (DAS_Tool, Binning_refiner, and 
metaWRAP’s Bin_refinement module). Only bins with ≥50% completion and ≤10% 
contamination are shown.  
 
To test the efficacy of the metaWRAP-Bin_refinement module at consolidating and improving 
bin sets, we used synthetic metagenomic data sets of varying complexity from the Critical 
Assessment of Metagenomic Interpretation (CAMI) study (Sczyrba et al., 2017). The “gold 
standard” assemblies from the “high”, “medium”, and “low” diversity challenges were first 
binned with metaBAT2, Maxbin2, and CONCOCT (Alneberg et al., 2014; Kang et al., 2015; Wu 
et al., 2016) using the metaWRAP-Binning module, and the resulting three bin sets were then 
consolidated with DAS_Tool (Sieber et al., 2018), Binning_refiner (Song and Thomas, 2017), 
and metaWRAP-Bin_refinement. The completion and contamination of the bins in the original 
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and refined bin sets were evaluated with CheckM (Parks et al., 2015) (Fig. 2.S4) and Amber 
(Meyer et al., 2017a) (Fig. 2.S5). True recall and precision for each bin calculated with Amber 
were converted to completion and contamination percentages to be comparable to the CheckM 
results (Fig. 2.2). We found that metaBAT2 consistently outperformed MaxBin2 and 
CONCOCT, producing a total of 385 high quality bins between all the challenges (completion 
greater than 90% and contamination less than 5%), and 271 near-perfect bins (completion greater 
than 95% and contamination less than 1%). MaxBin2 came in second with 275 high quality bins 
and 164 near-perfect bins. CONCOCT performed rather poorly in all but the smallest CAMI 
 challenge data sets, producing 58 high quality bins and 40 near-perfect bins.  
 In the consolidated bin sets, DAS_Tool produced 426 high quality bins and 263 near-
perfect bins across all CAMI challenges, while Binning_refiner produced 289 and 210 bins, 
respectively. DAS_Tool consistently produced high completion bins, however these bins had 
relatively high contamination, which is a result of the aggregation approach that DAS_Tool 
takes. Binning_refiner on the other hand produced very pure bins with its splitting approach, 
however it did so at the expense of significantly reduced completion. MetaWRAP-
Bin_refinement produced bins that had both high completion and low contamination. In total, it 
produced 457 high quality bins and 339 near-perfect bins (Fig. 2.2) due to both a splitting and 
aggregation step. These results confirmed that metaWRAP not only consistently improved bin 
sets through its consolidation approach, but it also outperformed other consolidation algorithms 
in data sets of varying complexity.  
 The CAMI challenge consisted of genomes of varying degree of similarity, and 
categorized the genomes into two broad categories depending on their average nucleotide 
identity (ANI) to other genomes in the mix. “Unique strains” are defined as genomes with <95% 
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ANI to any other genome and “common strains” as genomes with ≥95% ANI to another genome 
in the data set. (Sczyrba et al., 2017) This gave us an opportunity to benchmark metaWRAP at 
recovering genomes from contig clusters of varying complexity. We found that metaWRAP 
outperformed all other binning methods in reconstituting both closely and distantly related 
genomes. Interestingly, we found that Binning_refiner performed almost as well as metaWRAP 
in distantly related genomes, but performed poorly in closely related genomes. On the other 
hand, DAS_Tool recovered almost as many closely related genomes as metaWRAP, but 
performed relatively poorly in more discrete genomes.  
 The use of CheckM (Fig. 2.S4) and Amber (Fig. 2.2) to evaluate the binning sets 
produced similar results, although overall CheckM slightly overestimated both completion and 
contamination of the produced bins. More importantly, the relative performance of the six 
binning approaches was the same when evaluating with CheckM or Amber. This validated the 





Benchmarking metaWRAP on real metagenomes 
 
Fig. 2.3. GC vs. abundance plots of contigs from water, gut, and soil metagenomes, produced 
with the Blobology module. Abundance of contigs was calculated from standardized read 
coverage in each sample. Contigs were annotated with their phylum taxonomy, as determined by 
BLAST.  
 
MetaWRAP’s performance was also assessed with real WMG Illumina paired read sequencing 
data, using representative metagenomic data sets from water, gut, and soil microbiomes. The 
water data set was from a brackish water survey, which investigated the seasonal dynamics and 
biogeography of the surface bacterioplankton in the Baltic Sea (Hugerth et al., 2015). This 
dataset included 36 samples for a total of 196Gbp of sequencing data. The gut data set came 
from the Metagenomic of the Human Intestinal Tract (MetaHIT) survey, which sequenced the 
gut microbiota from volunteers across Europe to explore the diversity and drivers in individual 
gut microbiome composition. (Qin et al., 2010). The benchmarking dataset consisted of 50 
samples for a total of 144Gbp of sequencing data. The soil data came from sequencing the highly 
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diverse grassland soil microbial communities from Angelo Coastal Reserve, CA (Sieber et al., 
2018). This dataset consisted of 6 samples for a total of 481Gbp of sequencing data.  
 Samples from each microbiome type were pre-processed through the metaWRAP-
Read_qc module to trim reads and remove human contamination, and the Kraken and Blobology 
modules were used to evaluate the taxonomic profile of the communities. The water samples 
were dominated by Proteobacteria, the gut samples were dominated by Bacteroidetes and 
Firmicutes, and the soil samples comprised of a wide variety of Proteobacteria and 
Actinobacteria. Notably, contigs from the soil microbiomes had much higher GC content 
compared to those of gut and water. Also, soil contigs did not form as many defined clusters on 
the GC vs Abundance plot, suggesting that the communities were comprised of multiple closely 
related taxa (Fig. 2.3). Due to the high GC content and high taxonomic similarity of soil 





Bin_refinement improved bin predictions in real data 
 
Fig. 2.4. Completion and contamination of bins recovered from water, gut, and soil 
metagenomes using original binning software (metaBAT2, MaxBin2, and CONCOCT) and 
software consolidating the original sets (DAS_Tool, Binning_refiner, and metaWRAP’s 
Bin_refinement module). Only bins with ≥50% completion and ≤10% contamination are shown 
(estimated by CheckM).  
 
The quality-controlled reads from the representative metagenomic data sets were then co-
assembled with the metaWRAP-Assembly module and the assemblies binned with metaBAT2 
Maxbin2, and CONCOCT using the metaWRAP-Binning module. The resulting three bin sets 
for each microbiome type were consolidated with DAS_Tool, Binning_refiner, and metaWRAP-
Bin_refinement, and the completion and contamination of the resulting bins were evaluated with 
CheckM (Fig. 2.3). Across the original binning software, metaBAT2 consistently produced the 
best sets of bins when compared to MaxBin2 and CONCOCT, with 202, 146, and 88 acceptable 
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quality bins (comp ≥ 50%, cont ≤ 10%) in water, gut, and soil samples, respectively. MaxBin2 
had 151, 98, and 40 bins, and CONCOCT 65, 121, and 39 bins.  
Despite incorporating all the binning methods, DAS_Tool was unable to improve the 
original bin sets, producing 198, 130, and 63 acceptable quality bins in water, gut, and soil 
samples, respectively. DAS_Tool performed relatively well at higher bin completion ranges (≥ 
80%), although at the expense of increased contamination. Binning_refiner performed similarly, 
with 206, 138, and 83 bins in water, gut, and soil data sets, respectively. The bins from 
Binning_refiner were less complete, but also had significantly lower contamination than bins in 
the original bin sets. MetaWRAP’s Bin_refinement module produced 235, 175, and 134 
acceptable quality bins in water, gut, and soil samples, respectively, significantly outperforming 
all other tested approaches. The module uses Binning_refiner in its pipeline to hybridize the 
input bin sets, and then choses the best version of each bin from the original and hybridized sets. 
Because the Bin_refinement module leverages the strength of Binning_refiner but still has a 
collapsing step similar to DAS_Tool, it is able to match DAS_Tool’s high completion rankings, 
while retaining the low contamination rankings of Binning_refiner. Overall, MetaWRAP 
consistently produced the highest quality bin sets in all the tested metagenomic data sets, which 
ranged greatly in diversity, taxonomic composition, and sequencing depths. 
 It is important to note that the use of metaWRAP’s Bin_refinement module to improve 
binning predictions is not limited to the bin sets produced from the metaWRAP-Binning module 
(metaBAT2, MaxBin2, and CONCOCT). Bin sets from any 2 or 3 binning software may be used 
as input for the module. Furthermore, because the algorithm leverages the differences between 
the input bin predictions, it is also possible to use bin sets produced from different parameters of 
the same software as input. 
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Bin_refinement adjusts to the desired bin quality 
To consolidate the original and hybridized bin sets, metaWRAP-Bin_refinement chooses the best 
version of each bin based on their completion and contamination values. However, this selection 
is subjective, and depends on what the user believes to be the “best bin”. The minimum 
completion (-c) and maximum contamination (-x) options are key parameters that greatly alter 
the quality of the bins produced, as the module will dynamically adjust its algorithms to produce 
the maximum number of bins in this range.  
 To demonstrate the effects of changing the -c and -x parameters of metaWRAP’s 
Bin_refinement module, we ran the original bin sets from water, gut, and soil data sets with 
varying minimum completion (but fixed maximum contamination) (Fig. 2.S6), and varying 
maximum contamination (but fixed minimum completion) (Fig. 2.S7) parameters. When 
compared to the original Bin_refinement run (-c 50 -x 10), the module produced a greater 
number of bins at any given threshold when it was given custom -c and -x parameters. The 
improvements were especially noticeable at higher completion and lower contamination ranges. 
For example, MetaWRAP-Bin_refinement -c 90 -x 10 recovered 19, 18, and 1 (water, gut, and 
soil, respectively) extra bins with a minimum completion of 90%, when compared to the baseline 
-c 50 -x 10 run. Similarly, MetaWRAP-Bin_refinement with -c 50 -x 1 parameters extracted 8, 
21, and 4 (water, gut, and soil, respectively) more bins at a maximum contamination of 1%, 
when compared to the baseline run. Unlike arbitrary and sometime confusing thresholding 
parameters in many other software, the minimum completion and maximum contamination 
options offer the user an intuitive way to parameterize the metaWRAP’s Bin_refinement module 
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to their needs. This leads to significant increases in the number of quality bins they are able to 
extract from their data.  
It is important to note that while refinement of binning predictions results in high quality 
bins when evaluated with single-copy gene numbers, they do not represent the genomes of single 
individuals in a community, or even individual strains. In this context, a bin is simply the 
optimized taxonomic clustering of contigs, which themselves are representative consensus 
resulting from the clustering of reads belonging to closely related taxa. In the context of 
phylogeny, bins may represent individual strains, species, or even higher-order averaged taxa, 
depending on the level of heterogeneity of the community in question. In the literature, bins are 
sometimes referred to as population genomes (Sangwan et al., 2016), underlying the complex 
nature of bins. As described in the context of the CAMI challenge, the analysis of a community 
with mostly “unique strains”, i.e. distantly related organisms, will result in bins potentially 
representing species or even strains, whereas the analysis of a community with mostly “common 
strains”, i.e. closely related organisms, will results in more hybrid bins. In reality, most 
communities are an assemblage of both closely and distantly related taxa resulting in a range of 
bin qualities. 
Because of this, contamination resulting from strain heterogeneity is expected (Quince et 
al., 2017c), and the desired bin quality can be tailored to the requirements of the down-stream 
applications. For accurate taxonomic assignment of bins, a low contamination is important (1-
5%), but a high completion may not be (20-50% may be sufficient). For accurate reconstruction 
of metabolic potential on the other hand, it is more important to reconstruct the genome with a 
higher completion (90-98%), even at the expense of introducing contamination (5-10%), as long 
as the user understands that the resulting bins represent the averaging of closely-related taxa. The 
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parameterization will also be constrained by the characteristics of the microbiome in question. 
Communities with relatively low diversity, low strain heterogeneity, and low GC content (such 
as gut microbiomes) will yield bins with lower contamination and higher completion than those 
extracted with from a community with high diversity, heterogeneity, and average GC content 




Reassemble_bins significantly improved bin quality 
 
Fig. 2.5. N50, completion, and contamination metrics of original bins extracted from water, gut, 
and soil metagenomes with the metaWRAP’s Bin_refinement module and the same bins 
reassembled with metaWRAP’s Reassemble_bins module. Only bins with ≥50% completion and 
≤10% contamination are shown (estimated with CheckM).  
 
MetaWRAP’s Reassemble_bins module improves a given set of bins through individual 
reassembly with SPAdes (Bankevich et al., 2012). The module only replaces the original bins if 
the reassembled ones are better in terms of completion and contamination. Like the 
Bin_refinement module, the Reassemble_bins module takes in minimum completion (-c) and 
maximum contamination (-x) parameters to allow the user to define what they consider a “good” 
bin. The bins produced from the water, gut, and soil data with metaWRAP-Bin_refinement 
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module runs (-c 50 -x 10) were run through the metaWRAP-Reassemble_bins module (-c 50 -x 
10), and the resulting bins were re-evaluated with CheckM(Parks et al., 2015).  
 The Reassemble_bins module improved upon 78%, 98%, and 2% of the bins in the water, 
gut, and soil bin sets, respectively. The module significantly improved the water and gut bins 
overall metrics, increasing their N50 and completion scores. Even more strikingly, the 
reassembly process significantly reduced contamination in these bin sets. (Fig. 2.5). The success 
of the bin reassembly algorithm relies heavily on accurate and specific recruitment of the correct 
reads to each bin. In very diverse and heterogeneous communities such as those found in soil, the 
read recruitment may not be specific enough. This confused the assembler during the re-
assembly stage, and resulted in an improvement for only a small fraction of the bins. However, 
draft genomes from gut and water samples were still significantly improved with the 
Reassemble_bins module despite their complexity (Fig. 2.3). Just as with the binning process, it 
is important to note that the bins resulting from the reassembly do not represent the true genomes 
of individual organisms found in the community, but are rather consensus backbones for reads 
coming from closely-related organisms.  
 
MetaWRAP produced high-quality draft genomes 
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Fig. 2.6. Number of high purity bins (less than 5% contamination) extracted from water, gut, and 
soil metagenomes with 70%, 80%, 90%, and 95% completion (estimated with CheckM) using 
original binning software (metaBAT2, MaxBin2, and CONCOCT) and bin refining algorithms 
(Binning_refiner, DAS_Tool, metaWRAP-Bin_refinement, and metaWRAP-Reassemble_bins). 
MetaWRAP modules were run with varying -c (minimum completion) parameters. MetaWRAP’s 
Reassemble_bins module was run on the output of the Bin_refinement module.  
 
We investigated the performance of different binning approaches (both original binners and bin 
consolidation software) when extracting high quality draft genomes, with a contamination less 
than 5% and completion greater than 70%, 80%, 90%, and 95%. The default run of metaWRAP-
Bin_refinement consistently produced the highest number of high-quality draft genomes in 
water, gut, and soil data sets. These numbers further improved when re-running the module with 
appropriate minimum completion (-c) settings (i.e running Bin_refinement -c 90 when 
benchmarking for bins with a minimum completion of 90%). This approach significantly 
outperformed every other tested binning and bin refinement method at every quality threshold. 
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 The reassembly of the metaWRAP-derived bins with the Reassemble_bins module made 
a further improvement on the number of high-quality draft genomes extracted from the gut and 
water data sets. Even the default run of Reassemble_bins produced a significantly better bin set 
compared to non-reassembled bin sets produced by all tested software, including metaWRAP’s 
Bin_refinement. However, just like in the Bin_refinement runs, the results were further enhanced 
when Reassemble_bins was provided with an appropriate -c option.  
 When comparing to the original binning software (MaxBin2, metaBAT2, and 
CONCOCT) and bin consolidation tools (DAS_Tool and Binning_refiner), metaWRAP 
produced the largest number of high-quality draft genomes in all the tested WMG data sets. 
Additionally, it should also be considered that metaWRAP is capable of improving bin sets from 
any binning software. Therefore, when new metagenomic binning software are developed, their 




MetaWRAP enables analysis and visualization of metagenomic bins 
 
Fig. 2.7. GC vs. abundance plots of contigs from water, gut, and soil metagenomes, produced 
with the Blobology module. Abundance of contigs was calculated from standardized read 
coverage in each sample. The contigs were annotated with the bins that they belong to (bin 
colors are chosen at random), allowing for quick inspection of binning success. Bins were 
produced with metaWRAP’s Bin_Refinement module. Only bins with ≥70% completion and 
≤10% contamination are shown (estimated with CheckM). 
 
The rest of metaWRAP modules address examining and processing a set of bins in preparation 
for downstream analysis. The user may visualize the bins in the context of the entire community 
with the Blobology module, quantify their abundances across samples with the Quant_bins 
module, estimate their taxonomy with the Classify_bins module, and functionally annotate them 
with the Annotate_bins module. 
 The metaWRAP-Quant_bins module was used to estimate bin abundances across samples 
from their respective microbiome survey, and the results were shown in a clustered heatmap 
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(Fig. 2.S8). Clustered heatmaps may be used to infer bin co-abundance and to identify 
similarities and differences between samples. Because this approach considers the abundances of 
every extracted bin individually, it offers higher resolution information than when using higher 
taxonomic ranks. 
 Bins were also visualized with the metaWRAP-Blobology module. The module produces 
GC vs Abundance plots of contigs, annotated with their taxonomy (Chen et al., 2015) (Fig. 2.3), 
bin membership (Fig. 2.7), or both (Fig. 2.S9). These plots allow for inspection of the extracted 
bins in the context of the entire community that they belong to, as well as visualize the relative 
success of the binning process.  
 The final reassembled bins were taxonomy profiled with the metaWRAP-Classify_bins 
module and functionally annotated with the Annotate_bins module. Together, this information 
may be used in downstream analysis to investigate complex questions about functional 





Genome-level analysis of WMG sequencing data is essential in understanding the composition 
and function of microbiomes. Until now, this rapidly growing field lacked a unifying platform to 
utilize the wealth of currently available software and make them easily accessible to researchers. 
MetaWRAP is a flexible pipeline that can handle common tasks in metagenomic data analysis 
starting from raw read quality control, and ending in bin extraction and analysis. MetaWRAP is 
easy to install through Bioconda, simple to use, and its modularity gives the investigator 
flexibility in their analysis approach. 
 MetaWRAP contributed significant improvements to the recovery of draft genomes from 
shotgun metagenomic data through bin refinement and reassembly. The bin refinement module 
uses a novel hybrid approach to consolidate bin predictions from different binning software, 
producing a single stronger set. This approach significantly outperformed individual binning 
software, as well as other consolidation algorithms. The algorithm can adjust to accommodate 
specific draft genome quality targets, making it suitable for many research applications. 
MetaWRAP’s bin reassembly module further improved the draft genomes in both completeness 
and purity. Finally, metaWRAP contains multiple modules for analysis and evaluation of 
metagenomic bins – bin taxonomy assignment, abundance estimation, functional annotation, and 
visualization. 
 
Availability of data and materials 
The datasets supporting the conclusions of this article are available from the original CAMI 
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(https://www.ncbi.nlm.nih.gov/bioproject/PRJNA273799) for the Central Baltic Surface Water 
Metagenome, SRA numbers ERR011087-ERR011136 
(https://www.ncbi.nlm.nih.gov/bioproject/PRJEB2054) for the  Metagenomic of the Human 
Intestinal Tract (MetaHIT) survey, and at Joint Genome Institute under Gold Analysis Project 
IDs Ga0007435, Ga0007436, Ga0007437, Ga0007438, Ga0007439, and Ga0007440 
(https://gold.jgi.doe.gov/study?id=Gs0110119) for the soil data. All analysis results and scripts 
used to generate figures are available at https://github.com/ursky/metawrap_paper. 
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CAMI binning benchmarking 
https://github.com/bxlab/metawrap_paper/blob/master/running_metawrap_on_cami_data_comm
ands.sh contains the commands used for this analysis. Contigs from the “gold standard” 
assemblies from the “high”, “medium”, and “low” diversity CAMI challenges were binned with 
the metaWRAP Binning module (--metabat2 --maxbin2 --concoct parameters). The resulting bin 
sets were consolidated with DAS_Tool v1.1.0 (--search_engine blast parameter), Binning_refiner 
v1.2 (default settings), and metaWRAP Bin_refinement module (-c 50 -x 10 parameters). The 
completion and contamination of the bins in all six bin sets were first evaluated with CheckM 
v1.0.7 (default parameters), and bins with a completion less than 50% or a contamination greater 
than 10% were discarded. The true recall and precision of the bins within the six resulting bin 
sets was determined with Amber v0.6.2 and bin recall and precision were converted to 
completion and contamination percentages.  
 
Real data binning benchmarking 
https://github.com/bxlab/metawrap_paper/blob/master/running_metawrap_on_real_data_comma
nds.sh contains the commands used for this analysis. The raw sequences from water, gut, and 
soil microbiomes were run through the metaWRAP-Read_qc module (default parameters) for 
quality trimming with TrimGalore, human contamination removal with BMTagger, and quality 
reports with FASTQC. MetaWRAP’s Kraken module (-s 10000000) was run on the quality-
controlled reads with Kraken (using standard database) and KronaTools. The reads were co-
assembled within each community type with metaWRAP-Assembly module (default 
 65 
parameters). Contigs shorter than 1000bp were discarded, with the exception of the soil 
assembly, for which the cutoff of 3000bp was chosen to reduce binning time. The contigs from 
the co-assemblies of each data type were binned with the metaWRAP-Binning module (--
metabat2 --maxbin2 --concoct parameters). The resulting  bin sets of each microbiome type were 
then passed to DAS_Tool v1.1.0 (--search_engine blast parameter), Binning_refiner v1.2 (default 
parameters), and metaWRAP-Bin_refinement module (-c 50 -x 10 parameters). The completion 
and contamination of all bins was estimated with CheckM v1.0.7 (default parameters).  
 
Bin_refinement optimization demonstration 
The metaWRAP-Bin_Refinement module was re-run to refine the bins produced by metaBAT2, 
MaxBin2, and CONCOCT bins from the water, gut, and soil microbiomes, but using different -c 
(minimum completion) and -x (maximum contamination) settings. First, the bin sets were refined 
with the module with a constant maximum contamination setting -x 10, but varying minimum 
completion settings -c 50, 60, 70, 80, 90, and 95. Then the same bin sets were refined with a 
constant minimum contamination setting -c 50, but varying maximum contamination setting of -
x 10, 8, 6, 4, 2, and 1. The bin completion and contamination improvements were evaluated with 
CheckM v1.0.7 (default parameters).  
 
Reassembly benchmarking 
Bin sets produced from water, gut, and soil microbiomes by the metaWRAP-Bin_refinement 
module (-c 50 -x 10 parameters) were run through the metaWRAP-Reassemble_bins module (-c 
50 -x 10 parameters). All reads coming from each respective microbiome was used for the 
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reassembly. The bin completion and contamination improvements were evaluated with CheckM 
v1.0.7 (default parameters).  
 
Extracting high-quality draft genomes 
To test the performance of metaWRAP’s Bin_refinement module, it was run on the metaBAT2, 
Maxbin2, and CONCOCT bins with four different settings: -c 70 -x 5, -c 80 -x 5, -c 90 -x 5, and 
-c 95 -x 5. To test the Reassemble_bins module, it was run on the output of the Bin_refinement 
module runs. Bin_refinement was run with -c 60 -x 10, -c 70 -x 10, -c 80 -x 10, and -c 90 -x 10 
settings, and then the resulting bins were reassembled with the Reassemble_bins module with -c 
70 -x 5, -c 80 -x 5, -c 90 -x 5, and -c 95 -x 5 settings, respectively.  
The bins were also refined with DAS_Tool v1.1.0 (--search_engine blast parameter), 
Binning_refiner v1.2 (default parameters). The completion and contamination of all bins was 
estimated with CheckM v1.0.7 (default parameters), and the number of bins with contamination 
less than 5% and completion greater than 70%, 80%, 90%, or 95% were counted. 
 
Draft genomes analysis 
Bins produced with metaWRAP-Bin_refinement (-c 70 -x 10 parameters) were visualized with 
the Blobology module (--bins flag used to provide bins), which uses a modified Blobology 
scripts, Bowtie2, and MegaBLAST to make Taxon-Annotated-GC-Coverage plots. Bin 
abundance in each sample was estimated and visualized with the Quant_bins module, which uses 
Salmon to quantify individual contigs and then estimate bin abundances. The reassembled bins 
from the metaWRAP-Reassemble_bins module (-c 50 -x 10 parameters) were run through the 
Classify_bins module (default parameters), which makes initial taxonomy predictions of 
 67 
individual scaffolds with Taxator-tk 1.3.3e and estimates the taxonomy of entire bins. Bins were 
functionally annotated with the metaWRAP-Annotate_bins module (default parameters), which 
uses PROKKA to annotate each bin.  
 
MetaWRAP-Read_qc 
The Read_qc module is meant to pre-process raw Illumina sequencing reads in preparation for 
assembly and alignment. The raw reads are trimmed with Trim-galore v0.4.3 (--no_report_file 
and --paired settings), and then the human-derived reads (contamination) are removed with 
bmtagger v3.101 (default settings). Read pairs with a single suspected human read are also 
removed. FastQC (default settings) is then used to generate quality reports of the raw and final 
read sets in order to assess read quality improvement. The user has control over which of the 
above features he wishes to use.  
  
MetaWRAP-Assembly 
The Assembly module allows the user to assemble a set of metagenomic reads with either 
metaSPAdes v3.11.1 or MegaHit v1.1.2 (both at default settings). While metaSPAdes results in a 
superior assembly in most samples, MegaHit scales well with large datasets, and is therefore set 
as the default in the modules. The assemblies are then formatted to include the scaffold length 
and kmer depth, sorted by length, and contigs shorter than 1000bp are removed. An assembly 




The Kraken module takes in any number of FastQ or FastA files, classifies the contained 
sequences with KRAKEN v0.10.6 (default settings), and reports the taxonomy distribution in an 
interactive html kronagram using KronaTools v2.7 (default settings). If a passed FastA file is an 
assembly file from the Assembly module, the taxonomy of each contig is weighted based on its 
length and coverage [weight=coverage*length], which are encoded in the scaffold naming.  
  
MetaWRAP-Binning 
The Binning module is meant to be a convenient wrapper around three metagenomic binning 
software: metaBAT v2.12.1 (-m 1500 and --unbinned parameters), Maxbin v2.2.4 (-markerset 40 
option), and CONCOCT v0.4.0 (default settings). First the metagenomic assembly is indexed 
and paired end reads from any number of samples are aligned to it with bwa v0.7.15 (defaults 
settings). The alignments are sorted and compressed with Samtools v1.6 (default settings), and 
library insert size statistics are also gathered at the same time (insert size average and standard 
deviation). MetaBAT2’s jgi_summarize_bam_contig_depths function is used to generate contig 
abundance table, and it is then converted into the correct format for each of the three binning 
software. The assembly is binned with software(s) of the user’s choice, and the resulting bins are 
optionally evaluated with CheckM v1.0.7 (default settings). 
  
MetaWRAP-Bin_refinement 
The Bin_refinement module utilizes a hybrid approach to take in two or three bin sets that were 
obtained with different binning approaches and produces a consolidated, improved bin set. First, 
binning_refiner v1.2 (default settings) is used to hybridize the bin sets in every possible 
combination. If there are three original bin sets A, B, and C, they will be hybridized to produce 
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bin sets AB, BC, AC, and ABC. CheckM v1.0.7 (default settings) is then run to evaluate the 
completion and contamination of the bins in each of the 7 bin sets (3 originals, 4 hybridized). 
The bins sets are then iteratively compared to each other, and each pair is consolidated into an 
improved bin set. To do this, the same bin is identified within the two bin sets based on a 
minimum of 80% overlap in genome length, and the better bin is selected based on the scoring 
function S=Completion-5*Contamination. Only bins that meet the minimum completion (-c) and 
maximum contamination (-x) criteria are considered. After all bin sets are incorporated into a 
consolidated set, duplicate contigs are removed. By default, duplicate kept only in the superior 
bin (based on scoring function). CheckM is then re-run on the final bin set (default parameters) 
and a final report file is generated with a custom script (.stats files). Completion and 
contamination rank plots are also made to compare the quality of the original bins and the 
Bin_refinement module output. 
 
MetaWRAP-Reassemble_bins 
The Reassemble_bins module aims to improve a set of bins by extracting reads that belong to 
each bin and re-assembling them. First, entire original metagenomic assembly is indexed and 
FastQ reads are aligned back to it with bwa v0.7.15 (default parameters). Reads pairs mapping 
back to contigs belonging to the provided bins are stored in separate FastQ files, even if only one 
read mate aligned. Two sets of reads are stored for each bin – reads mapping perfectly (strict), 
and reads mapping with <3 mismatches (permissive). Each set of reads is then reassembled with 
SPAdes v3.11 (--careful setting), and short contigs (<1000bp) are removed. CheckM v1.0.7 
(default settings) is used to evaluate the completion and contamination of each of the three 
versions of each bin – the original bin, the “strict” re-assembled bin, and “permissive” 
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reassembled bin. The best version is chosen based on a scoring function S=Completion-
5*Contamination. The final bins set it then re-evaluated with CheckM, and summary statistics 
are generated. Additionally, a N50, completion and contamination rank plots is generated to 
evaluate the improvements in the bin sets following reassembly.  
 
MetaWRAP-Quant_bins 
The Quant_bins module rapidly estimates the abundance of bins across a number of samples. 
Salmon v0.9.1 (--libType IU option) is used to index the entire metagenomic assembly and align 
reads from each sample back to the assembly. Coverage tables are generated estimating the 
abundance of each contig in each sample. The average abundance of each bin in each sample is 
calculated by taking the length-weighted average of the bins’s contig abundances. A final bin 
abundance table is made, and a clustered heatmap is generated with Seaborn v0.8.1 to visualize 
bin abundance variation across samples. The bin abundances are standardized to 100 million 
reads in each sample library before plotting. 
 
MetaWRAP-Blobology 
The Blobology module uses a modified version of the original Blobology software to create 
blobplots (a GC vs abundance plot of all the contigs) of a metagenomic assembly, and annotates 
it with phylogenetic information or bin information. The taxonomy of each contig is estimated 
with blastn v2.7.1 (-task megablast -evalue 1e-5 -max_target_seqs 1 -outfmt '6 qseqid sseqid 
staxids' parameters) with NCBI_nt as the database. The assembly is then indexed and the reads 
from any number of samples are aligned against it with bowtie2 v2.3.0 (--very-fast-local -k 1 -t --
reorder --mm parameters). Blobology’s gc_cov_annotate.pl function is used to generate a 
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blobplot file with the GC, coverage (in all samples), and taxonomy of each contig. If the user 
provided a set of bins to annotate, the contigs are also annotated with the bins they belong to. 
Finally, Blobology’s makeblobplot.R function is used to make the blobplots of the contigs across 
all the provided samples, with taxonomic and bin membership annotations.  
 
MetaWRAP-Classify_bins 
The Classify_bins module is a conservative way to assign taxonomy to a set of metagenomic 
bins. First, the contigs in all bins are combined into one file, and blastn v2.7.1 (-task megablast -
outfmt '6 qseqid qstart qend qlen sseqid staxids sstart send bitscore evalue nident length' 
parameters) is used to align the contigs to the NCBI_nt database.  The alignment results are then 
used by taxator-kt  v1.3.3e (-a megan-lca -t 0.3 -e 0.01 parameters) to estimate the taxonomy of 
each contig. The most likely taxonomy of each bin is then estimated from individual contig 
predictions. Taxonomy of each contig are added to a phylogenetic tree, adding weight to each 
branch based on the length of that contig. The tree is then traversed from the root down the 
heaviest branches until the next likely branch is <50% of the current branch weight. Once no 
further taxonomic rank can be estimated, the final taxonomy of that bin is reported. 
 
MetaWRAP-Annotate_bins 
The Annotate_bins module takes in a set of bins and quickly functionally annotates them with 
PROKKA v1.12 (--quiet option). The annotation process is parallelized for any number of bins 
and threads. For each bin, the module returns the annotation file in GFF format, and two FastA 






Fig. 2.S1. Detailed walkthrough of the data files, software, databases, and custom scripts that 







Fig. 2.S2. Logical workflow of the Bin_refinement modules of metaWRAP. The module takes in 
three bin sets produced from the same assembly by different software or different parameters of 
the same software. Binning_refiner is used to create hybridized intermediates (4 possible 
combinations), and the completion and contamination of the original and hybridized bins is 





Fig. 2.S3. Logical workflow of the Reassemble_bins module, which extracts reads belonging to 
bins in a given bin set, and individually reassembles them. This process is done for perfectly 
mapping reads (strict) and reads mapping with less than 3 mismatches (permissive). For each 




Fig. 2.S4. Completion and contamination (determined with CheckM) of bins recovered from the 
CAMI’s high, medium, and low complexity synthetic data sets using original binning software 
(metaBAT2, MaxBin2, CONCOCT) and software consolidating the original sets (DAS_Tool, 





Fig. 2.S5. True recall and precision (determined with AMBER) of bins recovered from the 
CAMI’s high, medium, and low complexity synthetic data sets using original binning software 
(metaBAT2, MaxBin2, CONCOCT) and software consolidating the original sets (DAS_Tool, 





Fig. 2.S6. Completion of bins recovered from water, gut, and soil metagenomes with the 
metaWRAP-Bin_refinement module with a varying minimum completion parameter (-c), but 
constant maximum contamination parameter (-x 10). The numbers in the brackets indicate the 
number of extra bins gained at that threshold compared to the baseline run (-c 50 -x 10). Only 




Fig. 2.S7. Contamination of bins recovered from water, gut, and soil metagenomes with the 
metaWRAP-Bin_refinement module with a varying maximum contamination parameter (-x), but 
constant minimum completion parameter (-c 50). The numbers in the brackets indicate the 
number of extra bins gained at that threshold compared to the baseline run (-c 50 -x 10). Only 




Fig. 2.S8. Clustered heat maps showing the log of bin abundance of bins extracted with 
metaWRAP-Bin_refinement (-c 50 -x 10) across samples in water, gut, and soil metagenomes, 











Fig. 2.S9. MetaWRAP-Blobology visualization of water, gut, and soil metagenomes, showing the  
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GC and average coverage of each successfully binned contig (metaWRAP-Bin_refinement -c 70 -
x 10) in the assemblies, and annotated with the taxonomy at the phylum level, and the bins that 
they belong to (bin colors are chosen at random). 
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CHAPTER 3: Cellular life from the three domains and 
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Abstract 
Microbial communities play essential roles in the biosphere and understanding the mechanisms 
underlying their functional adaptations to environmental conditions is critical for predicting their 
behavior. This aspect of microbiome function has not been well characterized in natural high-salt 
environments. To address this knowledge gap, and to build a general framework relating the 
genomic and transcriptomic components in a microbiome, we performed a meta-omic survey of 
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extremophile communities inhabiting halite (salt) nodules in the Atacama Desert. We found that 
the major phyla of this halophilic community have very different levels of total transcriptional 
activity, at the selected time points, and that different metabolic pathways were activated in their 
transcriptomes. We report that a novel Dolichomastix alga – the only eukaryote found in this 
system – was by far the most active community member. It produced the vast majority of the 
community’s photosynthetic transcripts despite being outnumbered by members of the 
Cyanobacteria. The divergence in the transcriptional landscapes of these segregated 
communities, compared to the relatively stable metagenomic functional potential, suggests that 
microbiomes in each salt nodule undergo unique transcriptional adjustments to adapt to local 
conditions. We also report the characterization of several previously unknown halophilic viruses, 
many of which exhibit transcriptional activity indicative of host infection.   
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INTRODUCTION  
 The study of hypersaline systems has greatly advanced our understanding of core 
microbiology principles, evolution, and the origin of life itself (Oren, 2008; Paul and Mormile, 
2017; Gunde-Cimerman et al., 2018).  Halophiles and their activities have been extensively 
studied for their unique adaptations, phylogenetic diversity, and potential economic and 
scientific benefits. Halophilic microbiomes provide opportunities for exploring promising 
solutions for current and future global issues, particularly in the context of global warming (Paul 
and Mormile, 2017). The metagenomic components of several high-salt microbiomes have been 
partially resolved, particularly from salterns and hypersaline lakes, where assembly and binning 
of shotgun sequencing data has led to the discovery of hundreds of novel taxa (Hedlund et al., 
2014; Andrade et al., 2015; Finstad et al., 2017; Ramos-Barbero et al., 2018; Uritskiy and 
DiRuggiero, 2019). However, the transcriptional and metabolic activities of such communities, 
which would provide insights into their real-time functioning, remain understudied (Ramos-
Barbero et al., 2018).  
 While gene transcription does not necessarily indicate the functional activity of an 
encoded protein, pathways transcription can be a good proxy for indirectly detecting changes in 
activity levels, particularly when collecting proteomic data is difficult (Vogel and Marcotte, 
2012). Characterizing the metatranscriptome of a natural microbial community puts into 
perspective the relationship between its transcriptional function and functional potential, and 
gives a more accurate view of the functioning of the community as a whole. Comparative multi-
omics have shown that different taxonomic groups can constitute different fractions of 
metagenomic and metatranscriptomic components of the microbiome (Amato et al., 2019) and 
revealed the community members responsible for key metabolic functions (Tripathy et al., 2016; 
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Edwardson and Hollibaugh, 2017). However, metatranscriptomic studies are difficult to conduct 
in most extreme environmental microbiomes due to low available biomass and high sample 
complexity (Ramos-Barbero et al., 2018).   
 In areas of the Atacama Desert, Chile, with annual precipitation of less than 1mm, 
microorganisms have evolved the ability to survive inside evaporitic halite nodules (salt rocks) 
(Wierzchos et al., 2005). Microbial communities inhabiting the pores within these salt nodules 
rely almost uniquely on atmospheric moisture absorbed via salt deliquescence (Robinson et al., 
2015; Crits-Christoph et al., 2016a). Saturated salt conditions, high UV and solar irradiance, and 
cycles of desiccation and re-hydration present unique challenges for these communities 
(Wierzchos et al., 2006; Wierzchos et al., 2018). These extremophile endolithic (inside-rock) 
microbiomes are compelling ecological models for studying microbial community assembly 
because they are relatively simple and contained ecosystems (Wierzchos et al., 2018). Encased in 
rocks, these communities have a minimal exchange of biomass and nutrients with the outside, 
allowing each community to develop independently and, as such, providing insights into 
community structure replication ((Uritskiy et al., 2019; Finstad et al., 2017). Their sensitivity to 
perturbation also makes them suitable systems to investigate the effects of climate change on 
microbiomes (Uritskiy et al., 2019b).  
 The major photosynthetic taxa of halite communities are a small number of 
Cyanobacteria species (Chroococcidiopsis, Halothece, and Euhalothece) and a single species of 
halophilic alga (Dolichomastix) (Finstad et al., 2017). These primary producers support several 
major groups of heterotrophs, including Halobacteria and Bacteroidetes, which constitute most 
of the system’s biomass (Robinson et al., 2015; Crits-Christoph et al., 2016a). Halite 
communities also contain a diverse assembly of viruses, infecting members of both the Archaea 
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and the Bacteria (Crits-Christoph et al., 2016a). These communities have been shown to be 
metabolically active under in-situ conditions with measurements for respiration, using oxygen 
microelectrodes, and potential photosynthetic activity, using Pulse Amplitude Modulation 
(PAM) Fluorometry (Davila et al., 2015). Analysis of temporal (Uritskiy et al., 2019b) and 
spatial (Finstad et al., 2017) dynamics revealed that water was the main driver for the taxonomic 
composition of halite communities. It is also likely that the large relative humidity and 
temperature changes in the Atacama Desert, throughout the diurnal (day/night) cycle, have a 
significant impact on microbiome functioning. In that regard, a recent study showed that halite 
communities have the capability for transcriptional regulation via small non-coding RNAs 
(Gelsinger et al., 2019).  
 To address the paucity of knowledge on the transcriptional activities of halophilic 
microbial communities, we interrogated the metatranscriptome of the well-characterized 
halophilic community inhabiting salt nodules in the Atacama Desert (Robinson et al., 2015; 
Crits-Christoph et al., 2016; Finstad et al., 2017; Uritskiy et al., 2019; Gelsinger et al., 2019). We 
sampled nodules from representative light and dark time points during the diel cycle, placing our 
transcriptional observations in the context of the metagenomic composition of the respective 
samples. We characterized the functional pathways transcriptionally active in the community and 
found a surprising degree of transcriptional activity of the community’s only Eukaryote. We also 




MATERIAL AND METHODS 
 
Sample collection and processing 
Halite nodules were harvested in Salar Grande, a salar in the Northern part of the Atacama 
Desert (Robinson et al., 2015) on February 11th-12th, 2017 (Fig. 3.S1). All nodules were 
harvested within a 50m2 area as previously described (Robinson et al., 2015) at 9 am and 9 pm, 
with six replicates per time-point, for a total of 12 samples (Fig. 3.S2). The colonization zone of 
each nodule was grounded into a powder, pooling from three nodules until sufficient material 
was collected, and stored in dark in dry conditions until DNA extraction in the lab. At the time of 
sampling, 4g of powder from each sample was mixed with 4ml of RNAlater and stored at 4°C for 
RNA extraction in the lab. Genomic DNA was extracted as previously described (Robinson et 
al., 2015; Crits-Christoph et al., 2016a) with the DNAeasy PowerSoil DNA extraction kit 
(QIAGEN). Whole-genome DNA sequencing libraries were prepared using the Nextera XT 
DNA library kit (Illumina) with 1ng of input gDNA. Library amplification was done with dual-
index primers for a total of nine cycles, and the product library was cleaned with XP AMPure 
Beads (0.6X ratio). Total RNA was extracted from the RNAlater samples by first isolating the 
cells through gradual dissolving of the salt, as previously described (Robinson et al., 2015; Crits-
Christoph et al., 2016a), cell lysis by mechanical bead beating with the RNAeasy PowerSoil 
RNA extraction kit (QIAGEN), and extraction from the lysate with a Quick-RNA miniprep kit 
(Zymo Research); two independent samples were extracted from each replicate. cDNA was 
generated from 5ng of RNA with the SuperScript III reverse transcriptase (ThermoFisher) using 
25 PCR cycles as described previously (Robinson et al., 2015) and the lack of gDNA 
contamination in the RNA was confirmed by RT-PCR with the 515F/926R 16S rRNA gene 
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primers (Fig. 3.S14). Note that the cDNA was only used for DNA contamination assessment, but 
not library construction. RNAseq libraries were prepared with the SMARTer Stranded RNA-seq 
kit (TaKaRa) using 25ng of RNA input and 12 cycles for library amplification. All other steps 
followed the manufacturer’s recommendations. The 24 paired RNA libraries corresponding for 
the 12 metagenomic samples were pooled in-silico (files were concatenated) into 12 replicates to 
exactly match the sequenced material in the metagenomic samples. The final barcoded libraries 
were quantified with Qubit dsDNA HS kit, inspected on a dsDNA HS Bioanalyzer, pooled to 
equal molarity, and sequenced with paired 150 bp reads on the HiSeq 2000 platform at the Johns 
Hopkins Genetic Resources Core Facility (GRCF). 
 
Processing shotgun metagenomic and metatranscriptomic sequence data 
The de-multiplexed shotgun reads were processed with the metaWRAP v1.1 pipeline (Uritskiy et 
al., 2018c) with recommended databases on a UNIX cluster with 112 cores and 2048GB of RAM 
available. Read trimming and human contamination removal was done by the metaWRAP 
Read_qc module (default parameters) on each sample. The metatranscriptomic reads were 
digitally ribo-reduced with SortMeRNA v2.1b (Kopylova et al., 2012) by aligning the reads to 
SILVA v138 ribosomal sequences. The reads from all metagenome replicates were co-assembled 
with the metaWRAP Assembly module (--use-metaspades option) (Nurk et al., 2017). Each 
replicate was also assembled individually for algae sequence extraction (described below). For 
metagenome-assembled genome (MAG) recovery, the co-assembly was binned with the 
metaWRAP Binning module (--maxbin2 --concoct --metabat2 options), and the resulting bins 
were then consolidated into a final bin set with metaWRAP’s Bin_refinement module (-c 70 -x 5 
options). The total abundances (with metagenomic reads) and total expression (with 
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metatranscriptomic reads) of MAGs and contigs were then quantified in each replicate by 
Salmon (Patro et al., 2017) with the Quant_bins module (default parameters). All scripts and 
intermediate data used for this analysis are publicly available at 
https://github.com/ursky/metatranscriptome_paper. 
 
Functional and taxonomic annotation 
Gene prediction and functional annotation of the co-assembly was done with the JGI Integrated 
Microbial Genomes & Microbiomes (IMG) (Chen et al., 2017) annotation service. The 
taxonomy of each contig was estimated by computing an average of the taxonomic annotation of 
its genes, as returned by the IMG service. All contigs belonging to the Dolichomastix genome 
(chloroplast, mitochondria, and chromosomes) were annotated as Chlorophita (see 
Dolichomastix alga genome extraction). The taxonomic depth was reduced until >50% of gene 
taxonomies agreed. Gene relative abundances in the metagenomes were taken as the average 
DNA read depth of the contigs carrying those genes and expressed as copies per million reads 
(CPM). Gene expression was estimated with Salmon (Patro et al., 2017) and expressed as 
transcripts per million reads (TPM). KEGG KO identifiers were linked to their respective 
functions using the KEGG BRITE pathway classification (Kanehisa et al., 2016). For the 
functional annotation of pathways in specific taxa or MAGs, only pathways with a minimum of 5 
unique enzymes, constituting at least 20% of all possible enzymes in that pathway, were used. 
KEGG pathway total abundance (from metagenomes) and total expression (from 
metatranscriptomes) were calculated as the sum of the TPMs or CPMs of genes classified to be 
part of the pathway. When comparing the total pathway abundance in the metagenomes to their 
total expression in the metatranscriptomes, the abundance and expression values were 
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standardized to the sum of the CPMs or TPMs of the pathways in each sample, respectively. All 
scripts and intermediate data used for this analysis are publicly available at 
https://github.com/ursky/metatranscriptome_paper. 
 
Metatranscriptomic Differential Expression Analysis 
Gene expression values from Salmon (Patro et al., 2017), expressed in transcripts per million reads 
(TPM), were further standardized in each sample to the average abundance (CPM) of the organism 
carrying each gene, evaluated at the contig or MAG level. In an alternate test, the expression data 
were standardized to the total average expression of each contig or MAG. The standardized 
expression values were loaded into DESeq2 (Love et al., 2014) to identify differentially expressed 
genes between the two test groups – samples collected at 9 am and 9 pm. This analysis was 
repeated for the whole community (using only contigs longer than 5kb for robust standardization) 
and individual MAGs, particularly the Halothece genome, the Dolichomastix cellular and 
organelle genomes. For genes that were found to be putatively enriched in the 9 am or 9 pm time 
points (DESeq2 adjusted p-value<0.01), pathway enrichment analysis was performed by 
comparing the pathway functions of the “morning” and “evening” genes to that of all the genes in 
the community with a sub-sampling simulation (n=10,000). 
 
Dolichomastix alga genome extraction  
The main genome of the alga was extracted from the co-assembly with metaBAT2, which 
yielded a 10.3M bp main chromosomal genome (N50=6.0kb). The binning accuracy was 
manually assessed by interrogating the phylogeny of the genes carried on the binned contigs, as 
determined with the IMG functional annotation, above. Due to extremely high coverage of the 
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chloroplast and mitochondrion (~140X and ~70X, respectively), their sequences could not be 
directly extracted from the co-assembly. A few initial short contigs were extracted from the co-
assembly by aligning with BLAST v2.6.0 to previously identified contigs of the halite alga 
chloroplast and mitochondrion (Crits-Christoph et al., 2016a). These sequences were then 
manually curated based on taxonomy and coverage and aligned to the individual replicate 
assemblies to identify longer and more accurate contigs. The completion of the genome was 
estimated with BUSCO v3.1.0, using the chlorophyta_odb10 lineage database (Seppey et al., 
2019). Using metaWRAP’s reassemble_bins module, all chromosomal and mitochondrial 
contigs from the individual assemblies were used to pull out reads from all the samples, and the 
corresponding reads were reassembled into final sequences. The chloroplast sequence was 95 
Kbp (N50=64.5 Kbp) and the mitochondrion sequence was 46 Kbp (N50=16.7 Kbp). The 
corresponding contigs in the main co-assemblies were replaced with these sequences and re-
annotated with IMG. 
 
Dolichomastix genome analysis 
To investigate predicted proteome adaptations, the isoelectric point (pI) of proteins predicted 
from genes of several algae were compared. The chromosomal genomes of the extracted 
Dolichomastix genome and three other algae – Dunaliella salina, Ostreococcus tauri, and 
Micromonas pusilla – were annotated with GeneMarkS (Besemer et al., 2001) and the 
“intronless eukaryotic” setting, and the amino acid sequences of their genes analyzed with 
ProPAS v1.1 (Wu and Zhu, 2012). To compare pI values of homologous proteins, the translated 
genomes of Dolichomastix and M. pusilla were aligned with BLAST v2.6.0 to identify paired 
values. A minimum percent identity of 40%, alignment length 50nt, coverage of 40%, and a 
 92 
maximum e-value of 0.01 (full command: blastp -query dunaliella_cellular_proteins.faa -subject 
Dolichomastix.faa -outfmt "6 qseqid sseqid pident length mismatch gapopen qstart qend sstart 
send evalue bitscore qcovhsp" -max_target_seqs 1 > dunaliella_cellular_proteinschomastix 
.blast) were required for a pair of proteins to be considered homologous, and multiple hits were 
de-replicated to only consider the best hit (minimum e-value). To identify genes homologous to 
important genes in the D. salina genome, the amino acid sequences of the genes were similarly 
aligned to the Dolichomastix genes to identify homologues. 
 
Viral contig extraction and annotation 
Viral sequences were pulled out from the co-assembly with de-novo non-targeted viral sequence 
discovery (Paez-Espino et al., 2017). The abundance (CPM) and total expression (TPM) of the 
viral contigs were compared between replicates, and the Pearson coefficient was computed for 
the correlation of abundance and expression of viruses across the 12 replicates. For each genus-
level group from VContact2 (Bin Jang et al., 2019), genomes and protein sequences were 
extracted. To determine the best genes for phylogenetic tree construction, All-vs-all comparison 
of protein sequences was conducted using EFI-EST (Gerlt et al., 2015), and the most conserved 
gene present as a single paralog was used for tree construction. Given the fragmentary nature of 
some contigs from this study, not every genome could be compared with a single marker gene. 
The alignment of marker protein sequences was conducted with PROMALS3D (Pei et al., 2008). 
IQ-Tree was used to make phylogenetic trees of alignments, with the best substitution model 
automatically determined, and 1000 ultrafast bootstraps used for each tree. Genome map 
comparisons were done in EasyFig (Sullivan et al., 2011) using TBLASTX alignment at E Value 
< 0.01. For host determination of sequences from this study, CRISPR spacers extracted from the 
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metagenomic assembly with MinCED were matched to viral contigs using BLASTN (Altuschul 




Variable transcriptional contributions of major taxa 
 To investigate the transcriptional activities of the microbial community in halite nodules, 
the DNA and RNA components of several replicates were extracted and sequenced. Samples 
were harvested in Salar Grande, a salar in the Northern part of the Atacama Desert (Robinson et 
al., 2015) (Fig. 3.S1), at 9 am and 9 pm, from six individual halite nodules per time-point. Time-
points were selected based on field measurements (Fig. 3.S2), and previous work (Davila et al., 
2015), to maximize potential transcriptional differences within the community. Genomic DNA 
and total RNA for 12 biological replicates, each from a different halite nodule, were sequenced, 
yielding a total of 96.0M and 81.2M reads, respectively. RNA reads matching rRNAs were 
removed computationally, yielding 12.8M non-ribosomal RNA reads. Assembled contigs were 
taxonomically classified based on genes annotated within them. The DNA and RNA reads were 
then aligned back to these classified contigs and the overall taxonomic composition, at the 
metagenomic and metatranscriptomic level, was determined from the distribution of the reads 
aligning to each respective taxonomic classification. (Fig. 3.1). This analysis revealed 
differences between the community taxa abundance (fraction of DNA reads) and overall gene 
expression levels (fraction of RNA reads) with several taxa over- or under-represented at the 
transcriptional level compared to their relative abundance in the community. In particular, the 
total transcriptional activity of Eukarya, represented by a single metagenome-assembled genome 
(MAG; see following sections), was higher than their genomic abundance in the community; 8% 
of non-rRNA metatranscriptomic reads were mapped to eukaryotic contigs, compared to only 
2% of metagenomic reads. In contrast, bacteria, particularly Bacteroidetes, represented a smaller 
fraction of the metatranscriptome compared to the metagenome (8% vs 15%).  
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 To understand the relationship between the relative abundance of organisms and their 
transcriptional activity, we carried out an analysis at the level of individual contigs. The relative 
abundance of contigs, expressed in copies per million (CPM), was estimated from their DNA 
read coverage, and the contig transcriptional activity was estimated from the average expression 
of genes carried on the respective contigs, expressed in transcripts-per-million (TPM). We found 
that contigs from different taxa displayed different transcriptional activity levels, which were not 
necessarily correlated with their abundance levels (Fig. 3.2A). In particular, the three primary 
producers in the community – the Halothece and Euhalothece cyanobacteria and a Chlorophyta 
green alga – had similar average gene transcriptional levels despite being present at notably 
different genomic abundances. Contigs from the dominant cyanobacteria, Halothece, had high 
gene expression levels but, because of the high relative abundance of this organism in the 
community, the estimated transcriptional activity of the contigs relative to their abundance was 
low. In contrast, and as observed at the reads level, the algae contigs displayed extremely high 
levels of transcriptional activity but were present at very low genomic abundance (~2%). On the 
other extreme, Nanohaloarchaea had very low gene transcription levels and low relative 
abundance. The differences in abundance and transcriptional activity levels of other taxa were 
not as large, however significant variation in transcriptional activity was observed within the 
highly diverse groups of Bacteroidetes and Halobacteria (the dominant class within the 
Euryarchaeota phylum) (Fig. 3.2A).  
 
 Quantifying the relationship between relative abundance and transcription levels at the 
phylum level (Fig. 3.2B) or using metagenome-assembled genome (42 MAGs, completion>70%, 
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contamination<5%; Fig. 2C) supported our finding that the Chlorophyta (algae) produced an 
order of magnitude more transcripts (adjusted for genomic abundance) than most other MAGs in 
this community. In terms of the total number of transcripts (Fig. 3.2B, 3.2C), algae contributed 
more to the metatranscriptome than both of the other photosynthetic members combined. While 
alga’s organelle genomes were much more numerous relative to the chromosomal genome 
(approximately 10X for mitochondria and 20X for chloroplasts), we found that even when 
adjusting for genome copy numbers, the chloroplasts were nearly 10X more transcriptionally 
active than the Cyanobacteria (Fig. 3.2C). The alga was taxonomically identified to be in the 
class Mamiellophyceae, whose members have been previously characterized to have a single 
mitochondrion and chloroplast (Robinson et al., 2015; van Baren et al., 2016). This suggests that 
the coverage differences between the halite alga’s main chromosomes, mitochondria, and 
chloroplasts were the result of multiple genome copies in each organelle.  
 
 While some taxa were more transcriptionally active than others, we also found that the 
transcriptional activity of MAGs (expressed as the ratio of total RNA expression to the total 
DNA abundance) changed significantly between replicates (Fig. 3.S3). This variation in activity 
was so great that an attempt to correlate the abundance and transcriptional levels of any given 
MAG across replicates (Fig. 3.S4A) was successful for only a small subset of organisms (Fig. 
3.S4B). We verified that these findings were not the results of binning biases by repeating the 




Fig. 3.1: Taxonomic composition of the halite community estimated from the metagenome (A) 
and metatranscriptome (B). Relative compositions were calculated from the read coverage of 
contigs annotated to each taxon. The contigs were first classified based on the phylogenetic 





Fig. 3.2: Transcriptional activity vs abundance of contigs and metagenome-assembled genomes 
(MAGs). (A) Total transcriptional activity (y-axis) of contigs shown in relation to their 
abundance in the metagenome (x-axis). Relative transcriptional activity (y-axis) of contigs (B) 
and MAGs (C) shown in relation to their average relative abundance (x-axis) and total 
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contribution to the transcriptome (circle size). The total transcriptional activity of a given contig 
or MAG was estimated to be the median read expression (transcripts per million reads) of its 
genes. The total relative abundance was estimated from its average DNA read coverage (copies 
per million reads). Phyla are color-coded. 
 
Highly expressed functional pathways 
Investigating the expression levels of functional pathways from the KEGG Brite database in the 
halite community allowed us to identify highly transcribed functions. The transcriptional activity 
(transcripts per million reads, or TPM) of pathways was estimated from the sum of expression 
values of all the genes in a pathway and standardized to an equal sum of pathway TPMs in each 
replicate. Interestingly, the Euclidian distance hierarchical clustering between RNA replicates 
based on pathway expression did not reflect the sampling time-points nor the taxonomic 
compositions of the samples (Fig. 3.3). Most highly-expressed pathways, including translation, 
nucleotide metabolism, amino acid metabolism, and DNA replication and repair, were also 
present at high levels in the functional potential (copies per million of DNA reads, or CPM). In 
contrast, photosynthesis was the most highly expressed pathways in the community but had 
relatively low levels of abundance at the DNA level, which were similarly estimated from the 
total DNA read coverage of genes in each pathway (see methods). The opsin production pathway 
was also expressed at relatively high levels when taking into consideration its low abundance in 
the functional potential.  
 
 By standardizing the abundance and expression values of each pathway to the maximum 
value (abundance or expression), we were able to visually compare the relative expression of 
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each pathway to its abundance in the metagenome and infer pathways transcriptionally 
prioritized by the community (Fig. 3.S5). The Euclidian hierarchical clustering of community 
metabolic pathways resulted in three groups – those that were expressed lower, higher, or equal 
to their respective abundances in the community’s functional potential. Among the lowly-active 
pathways, we found cellular membrane and cell wall components, including most lipid 
metabolism and synthesis pathways, and glycan biosynthesis. Within the highly expressed 
pathway group, we found functions responsible for energy metabolism and carbon flow, such as 
photosynthesis and oxidative phosphorylation. The other group of highly expressed pathways 
dealt with protein synthesis turnover. In particular, multiple pathways for transcription and 




Fig. 3.3: Relative abundance and expression of major KEGG functional pathways in the 
metagenomic and metatranscriptomic samples. The pathway abundance (DNA) and expression 
(RNA) value were the combined total copies per million reads or transcripts per million reads 
(respectively) of the genes that constitute that pathway. All samples were standardized to equal 
total coverage of pathways. 
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A highly variable functional profile  
To address the high inter-replicate variation between replicates in pathway RNA expression (Fig. 
3.S5) and investigate how pathway abundance contributes to this heterogeneity, we computed the 
variation of KEGG pathway abundance or expression values across replicates, standardized to 
range from 0 to 1. This transformation allowed for direct comparison of the variation in pathway 
abundance to the variation in pathway expression in the whole community or for a taxon of 
interest. Across all of the community pathways, we found a greater variation in pathway 
expression levels than pathway abundances (Fig. 3.4). This was true for all tested major taxa in 
the community (Fig. 3.S6), suggesting that while the overall functional potential of the 
community remained relatively stable between replicates, consistent with previous findings, their 




Fig. 3.4: Heat maps showing the inter-replicate variation in (A) the metagenomic functional 
potential and (B) the metatranscriptome. KEGG pathways are shown along the x-axis and their 
metagenomic abundance (counts per million reads) and metatranscriptomic expression 
(transcripts per million reads) are shown for each replicate (y-axis). These abundance and 
expression values were additionally standardized to the highest value in each column to 
highlight variation differences (encoded in color map).  
 
No transcriptional differences detected between 9 am and 9 pm 
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Samples for metatranscriptomic (and the corresponding metagenomic samples) were collected at 
two time-points during the diurnal cycle, 9 am and 9 pm, with six replicates each from a different 
halite nodule, to uncover temporal transcriptional adaptations of community members. The 9 am 
time point, more than 2 hours after first light, was characterized by bright light (1500 
µmol photons. 𝑠−1. 𝑚−2), relatively low air humidity (RH, 42%), and high temperature (27 °C) 
(Fig. 3.S2). In contrast, the 9 pm time point, collected more than 2 hours after the onset of 
darkness, was characterized by complete darkness (1.2 µmol photons. 𝑠−1. 𝑚−2), relatively high 
RH (60%), and low temperature (21 °C) (Fig. 3.S2). Differential expression analysis was 
performed on the entire community, standardizing the gene expression to the abundance of its 
contig in the DNA or the total contig expression in the RNA (Fig. 3.S7A). DESeq2 identified 
differentially expressed genes, however, the false discovery rate was greater than 5%, and the 
over- and under-expressed genes belonged to a seemingly random set of pathways. This analysis 
was also repeated for individual high-quality MAGs (>70% completion, <5% contamination), 
including the Cyanobacteria and Dolichomastix MAGs (Fig. 3.S7 B, C). Doing so allowed for a 
more robust standardization scheme that accounted for the abundance (or total expression) of the 
entire organism, but did not yield any significant differentially expressed genes. We were also 
unable to detect significant differences in total pathway expression (Fig. 3.3). 
 
Pathway expression enrichment in major taxa 
We further explored the pathways most transcribed for each of the major taxonomic groups in 
the community, Halobacteria, Bacteroidetes, Chlorophyta (green algae), Cyanobacteria, 
Proteobacteria, Actinobacteria, and Nanohaloarchaea, by computing the ratio between the 
standardized pathway expression to pathway abundance (in the metatranscriptome and 
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metagenome, respectively; Fig. 3.S8). Importantly, these ratios did not represent a taxon’s 
overall functional landscape, but rather the degree to which a specific pathway was expressed. 
While each major taxon in the community had a unique transcriptional profile, we found many 
similarities between their highly expressed pathways. For all major taxa, except 
Nanohaloarchaea, protein folding, sorting, and degradation pathways were the most highly 
expressed pathways. General carbon metabolism and oxidative phosphorylation were also highly 
expressed, although the specific sugar metabolism pathways varied. The community's least 
active members – the Nanohaloarchaea – were the most different from the other community 
phyla. Their only highly-expressed pathways were for nucleotide metabolism, transcription, and 
translation as well as pathways for metabolizing simple organic molecules such as fructose and 
pyruvate. Alignments with BLAST were used to identify fragments of the SPEARE gene 
encoding a protein essential in Nanohaloarchaea docking to their hosts (Hamm et al., 2019) in 
two of the MAGs (T17_Nanohaloarchaea_45_3 and T17_Nanohaloarchaea_46_6), however, 
none of these genes were expressed in the metatranscriptome.  
 
 Not surprisingly, the two oxygenic photosynthetic groups in the community, Chlorophyta 
and Cyanobacteria, clustered together in their transcriptional activity. They were the only taxa to 
carry and express the photosynthesis pathway, which was highly active in both. However, 
expression profiles for other metabolic activities were quite distinct, with Chlorophyta strongly 
prioritizing glyoxylate metabolism and Cyanobacteria prioritized fructose and pentose 
metabolism. The opsin biosynthesis pathway, which produces the light-driven proton pumps in 
Halobacteria (bacteriorhodopsin) and Bacteroidetes (xanthorhodopsin), was one of the most 
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highly expressed pathways in the metatranscriptome, compared to the metagenome, and was 
predominantly expressed in Halobacteria.  
 
The Dolichomastix alga genome and its transcriptional activity 
The halite community harbors a unique alga that belongs to the Dolichomastix genus (Robinson 
et al., 2015). Through a combination of assembly and binning methods, we reconstructed the 
alga chromosome, chloroplast, and mitochondrion draft genomes. The metatranscriptome was 
also assembled to obtain the complete sequence of the 18S rRNA gene sequence. The latter 
sequence was found to be 99% identical to the sequence previously extracted from the halite 
microbiome using an amplicon-based approach (Robinson et al., 2015), and 94% identical to a 
putative Dolichomastix alga found in Lake Tyrell in Australia (Heidelberg et al., 2013). 
Reconstruction of the phylogenetic placement of this sequence confirmed that the halite alga 
belongs to the Dolichomastix genus (Fig. 3.S9).  
 
 Evaluating the relative contributions of oxygenic photosynthetic members to the 
functioning of the community revealed that the halite alga contributed significantly to 
photosynthesis. We identified several key genes from the photosynthetic pathway, a set of which 
were found in all three organisms capable of photosynthesis, the alga Dolichomastix and the two 
Cyanobacteria (Fig. 3.5). For almost every one of these photosynthetic genes, particularly 
photosystem I (psa) and most photosystem II (psb) genes, the algae contributed an order of 
magnitude more transcripts than both of the Cyanobacteria combined. We also identified 
components of the carbon fixation pathway in all three phototrophs and found that the 
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chloroplast gene encoding for RuBisCO was the second-highest expressed non-ribosomal gene 
in the entire alga (after psbD).  
 
 Given the high importance of the Dolichomastix alga for community carbon fixation, we 
further characterized its genome with respect to its closest fully sequenced phylogenetic 
relatives, Ostreococcus tauri and Micromonas pusilla (marine algae), and a more distantly 
related halophilic alga Dunaliella salina. The extracted Dolichomastix chromosomal genome 
was 10.3 Mbp long, compared to 13.1 Mbp in O. tauri, 22.4 Mbp in M. pusilla, and 343.7 Mbp 
in D. salina. Using BUSCO (Seppey et al., 2019), the Dolichomastix genome was evaluated to 
be 45.3% complete with 0.2% contamination, however, given the lack of highly compact 
eukaryotic genomes in the BUSCO database, the completion value might be underestimated. The 
chloroplast and mitochondrion genomes of the halite alga were 95 Kbp and 46 Kbp, respectively, 
similar to those in O. tauri, 72 Kbp and 44 Kbp, respectively (O. tauri is the only member of 
Mamiellophyceae with known organelle sequences at the time of this publication) (Robbens et 
al., 2007). All four algal genomes were functionally annotated with the same method and the 
isoelectric point (pI) for each predicted protein was estimated (Fig. 3.S10A). We found that the 
pI distribution for the predicted proteome of the Dolichomastix alga was significantly different 
from that of D. salina, but relatively similar to its non-halophilic closest phylogenetic relatives 
M. pusilla and O. tauri. However, the non-halophile genomes displayed a trimodal pI 
distribution curve, with a notable fraction of the genes predicted to encode for proteins with a pI 
of 11.0 or greater. Dolichomastix, on the other hand, lacked this third peak, similarly to the more 
distant but halophilic alga D. salina. Of the few Dolichomastix proteins with a high predicted pI 
(pI >11) were histone and DNA-associated proteins, which need to be alkaline to function. To 
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investigate whether the genes encoding for high pI proteins in M. pusilla and O. tauri were 
present in the halite Dolichomastix, we aligned the amino acid sequences of the M. pusilla and 
Dolichomastix genomes. Of the 105 M. pusilla genes encoding for high-pI proteins that were 
found to have homologs in Dolichomastix, 80 encoded for proteins with a significantly lower pI 
in Dolichomastix (Fig. 3.S10B). These proteins were not significantly enriched for any specific 
pathway or cellular compartment, but many were chaperones, mRNA processing proteins, and 
DNA-binding proteins.  
 To further compare the halophilic D. salina and Dolichomastix genomes, we investigated 
homologs of important high-salt adaptation proteins. Previous proteomic studies of  
D. salina identified 51 cellular and 46 membrane-bound proteins that were upregulated under 
high-salt stress (Liska et al., 2004; Katz et al., 2007). We mapped these genes to the 
Dolichomastix genome and found 33 homologous genes with a potential role in high-salt 
tolerance. Of these, all were expressed in Dolichomastix and a significant majority were highly 
expressed (>10TPM, Fig. 3.S10C). Using this homologous set of genes with potential roles in 
high-salt tolerance in D. salina, we identified several highly expressed chaperones and heat-
shock proteins in the Dolichomastix transcriptome, as well as several mitochondrial and 
chloroplast genes. The predicted proteome in the chloroplast and mitochondria generally favored 
high-pI proteins compared to the main cellular compartment, although the small number of 






Fig. 3.5: Expression (transcripts per million) of photosynthetic and carbon fixation genes 




Viruses are transcriptional active in the halite community 
We investigated viral diversity and transcriptional differences in the halite community using the 
sequences of homologous viral proteins, across samples. We extracted and functionally 
annotated 91 viral contigs from the metagenome, ranging in size from 5 Kbp to 51 Kbp. The 
halite viruses included members of the order Caudovirales (prokaryotic head-tail viruses 
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including families Myoviridae, Siphoviridae, Podoviridae, and so-called Haloviruses) and of the 
archaeal virus families Pleolipoviridae and Sphaerolipoviridae (Fig. 3.S11). The extracted viral 
contigs represented expansions of some extant genera (as determined by VContact2) while 
several contigs established previously unidentified genus-level clades. CRISPR spacer and 
nucleotide sequence similarity between viral genomes and host chromosomal regions were used 
to identify putative hosts of prokaryotic viruses. This approach led to the identification of the 
hosts for 44 viruses and revealed that the viruses primarily targeted Halobacteria and 
Salinibacter hosts for infection. The most abundant and transcriptionally active viruses belonged 
to a new clade of Myoviridae viruses, predicted to infect members of the Halobacteria class (Fig. 
3.6). Interestingly, most highly transcribing viruses were active in only a few samples. The most 
highly expressed genes were annotated as being virion structural components or DNA 
replication/mobilization. 
 
 For a virus to be transcriptionally active, it needs intracellular access to a host cell, 
suggesting that the activity level of a given virus in a sample is dependent on its abundance and 
that of its host, but also on its infection success and transcription rates. Consistent with this, we 
found that a virus’s high genomic abundance did not necessarily lead to high transcriptional 
activity. In a given sample, many transcriptionally active viral contigs were not highly abundant 
at the DNA-level, and highly-abundant contigs were not necessarily active at the transcriptional 
level (Fig. 3.S12). Only 12 out of the 91 virus contigs showed a significant positive correlation 
(Pearson index pval<0.01) between viral abundance and viral transcriptional activity (Fig. 
3.S13), meaning viral abundance was not a good predictor for transcriptional activity and 
infection rates. Furthermore, we were unable to detect any statistically significant correlation 
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between viral abundance or transcription and that of their respective putative host (as determined 
through CRISPR spacer alignment). We also found that most viruses had no detectable 




Fig. 3.6: Diversity of viruses in the halite community. Viral contigs from this study (in blue) 
annotated to a novel Myoviridae genus cluster and Alphaspaerolipovirus and Alphapleolipovirus 
genera, and viral contig from the RefSeq database (in grey). Genome maps were drawn and 
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compared with TBLASTX and EasyFig. Circles represent metagenomic abundance (blue; copies 
per million reads) and total transcriptional activity (red; transcripts per million reads); putative 
hosts are shown on the right.   
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DISCUSSION 
 Our analysis of both the metatranscriptomic and metagenomic components of a halite 
microbial community provided new insights into the functioning of this unique hyper-saline and 
endolithic ecosystem. Comparing the taxonomic composition of the metagenomic and 
metatranscriptomic elements of the halite microbiome, for the two time-points we selected, 
revealed that many organisms have a drastically different contribution to the community’s 
functions than what could be inferred from the previously reported metagenomic composition 
(Finstad et al., 2017). Similar trends were reported in environmental (Mobberley et al., 2015; 
Fortunato et al., 2018) and human-associated microbiomes (Franzosa et al., 2014) with 
characterized metatranscriptomes. Here, we found that the primary producers, the Halothece and 
Euhalothece cyanobacteria and a unique Dolichomastix alga, were the most transcriptionally 
active members of the halite microbiome. In contrast, Nanohaloarchaea were some of the least 
transcriptionally active members, with minimal and sometimes undetected levels of transcription. 
Recent characterization of Nanohaloarchaea antarcticus from Antarctica suggests that they are 
ectoparasitic, using a SPEARE protein complex to connect with their host, the halophilic 
archaeon Halorubrum lacusprofundi (Hamm et al., 2019). The low overall transcriptional levels 
of the halite Nanohaloarchaea, as well as undetectable expression of the SPEARE proteins, are 
indicative of their inactive state, most likely because they were not associated with a host at the 
time of sampling. The differential expression levels between members of the community 
supports the in-situ measurements of respiration and photosynthesis potential previously reported 
for this community (Davila et al., 2015), and indicates that the halite metatranscriptome is not 
“frozen in time”. 
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Despite harvesting multiple nodules as replicates at 9 am and 9 pm, we were unable to 
detect significant changes in the metatranscriptome of the halite community between these two 
collection time-points. These time-points were chosen because they were likely to exhibit 
differences in transcriptional adaptations, particularly in the community’s phototrophs. Indeed, 
studies of microbial mats have shown major transcriptional differences in Cyanobacteria 
throughout the diel cycle, emphasizing the late-morning and sunset, as the time points exhibiting 
the greatest differences, particularly in the expression of the photosynthetic machinery (Liu et al., 
2011; Louyakis et al., 2018). Distinct temporal regulation of the photosynthesis and central 
carbon metabolism pathways, in response to light, has also been shown in aquatic 
Cyanobacteria, with light-harvesting photosynthetic genes being upregulated early in the light 
period, and the core oxidative pentose pathway being activated during the dark period (Saha et 
al., 2016; Welkie et al., 2019). Our 9 am time-point allowed more than two hours of adaptation 
to light, sufficient humidity to maintain functional activity, while avoiding a period of photo-
oxidation, documented to occur around midday and early afternoon, as a result of the high solar 
irradiance in the Atacama Desert (Davila et al., 2015). Similarly, the 9 pm time point, more than 
2 hours after the onset of darkness, allowed the microbiota several hours to adjust their 
transcriptional profiles to the dark conditions (Fig. 3.S2). While our inability to detect significant 
transcriptional differences between these two time-points might stem from erroneous predictions, 
we propose here an alternative explanation. 
Previous research on the halite microbiome revealed variation in inter-nodule taxonomic 
composition and functional potential (Uritskiy et al., 2019b), however, here we found even 
greater inter-nodule variation at the transcriptional level. We suggest that this variation stems 
from a combination of varying rock topology, humidity and temperature metrics, which we could 
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not measure at the time of sampling due to practical limitations. Water availability is essential for 
microbial communities in hyper-arid environments (Finstad et al., 2017; Meslier et al., 2018), 
and it is likely that internal relative humidity, over the diurnal cycle, varies greatly nodule to 
nodule, depending on their topology, exposure to sun and wind, and their unique capacity for 
water retention. Halite endoliths obtain most of their liquid water via salt deliquescence and, as 
the diurnal cycle progresses, nodules go through desiccation and rehydration cycles (Davila et 
al., 2008). During the night and early morning, at air RH above 75%, brine is formed inside the 
nodule, filling the pore space between halite crystals. During the day, water evaporates from 
increasing temperatures and dry winds, slowly drying the nodule. While the water dynamics 
inside each nodule is unique to that nodule, the overall conditions, and therefore the selective 
pressure from the environment, are very similar across all nodules, explaining the relative 
convergence of functional potentials of the halite communities’ pan-genomes. However, time-
points, which are snapshots of each community inside each nodule, might capture very different 
environmental conditions for each community, resulting in highly variable metatranscriptomes 
across replicate nodules. Additionally, inter-cellular interactions, viral infection, and other 
stochastic biotic factors also likely influence the transcriptional landscapes found in each halite 
nodule at any given point in time, compounding the complexity of linking metatranscriptomic 
adaptations to specific factors. Therefore, we argue here that the lack of differences at the 
transcriptional level between our time-points might be the result of environmental conditions 
heterogeneity within nodule, rather than inadequate time-points. Nonetheless, our meta-omic 
analysis of the halite microbial community provides unique insights into the functioning of this 
community. 
 117 
 For example, we found that the novel halophilic Dolichomastix alga was responsible for 
producing nearly 9% of the community’s non-ribosomal transcripts despite representing only 2% 
of the community’s metagenome, producing nearly 10 times more transcripts per genome copy 
than all the oxygenic photosynthetic prokaryotes. Previous studies have identified eukaryotic 
components in hypersaline environments with amplicon DNA and RNA sequencing (Heidelberg 
et al., 2013; Robinson et al., 2015; Harding and Simpson, 2018), however, this is the first study 
to investigate their transcriptional and metabolic contributions to community functioning with 
shotgun metatranscriptomics. The larger cell size of green algae compared to bacteria and 
archaea, and a high basal metabolism required to survive in a high-salt environment, likely 
explain this novel finding. Broad estimates of the number of mRNA transcripts per average cell 
suggest 103-104 mRNA per bacterial cell and 105-106 mRNA for a 3000 μm3 eukaryotic cell 
(Ron Milo, 2016). Using previous microscopy-based observations of the halite alga, its volume 
can be roughly estimated to be roughly 1000 μm3, assuming a spherical cell shape (Robinson et 
al., 2015). Taken together, these estimates suggest that a halite alga cell is expected to produce 
10-100 times more transcripts than the prokaryotic species, which is similar to what is observed 
in this study. This suggests that the transcriptional overrepresentation of the alga in the halite 
community likely stems from its cell size and fundamental functional differences between 
eukaryotes and prokaryotes. A similar disparity was found in a cow rumen microbiome, where a 
multi-omic study revealed that a small eukaryotic minority in the microbiome produced a 
significantly greater fraction of transcripts than expected from genome copy numbers (Comtet-
Marre et al., 2017). We also found that the alga was responsible for producing the vast majority 
of the photosynthetic transcripts in the system, which could suggest that they are the major 
primary producers of the community. In a previous study of coastal sediments exposed to light, 
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eukaryotic diatoms were shown to dominate the community metatranscriptome, particularly with 
extremely high numbers of photosynthetic pathway transcripts (Broman et al., 2017). While size 
explains the high contribution of eukaryotes to the metatranscriptome, it does not lessen their 
contribution to the organic carbon budget of the community. The high amounts of biologically-
available carbon released into the environment upon the death of such large cells would certainly 
impact the community’s heterotrophs significantly more than that from the death of a much 
smaller cyanobacteria cell. 
 Most community members of the halite microbiome (particularly Halobacteria and 
Bacteroidetes) are salt-in strategists, meaning that they selectively import potassium to 
counteract the osmotic pressure from high external sodium concentrations (Oren, 2008). 
Eukaryotes have not been reported to use this energetically-favorable strategy, instead, they 
accumulate high internal concentrations of secondary metabolites to maintain osmoregulation.  
Previous studies with the halophilic alga D. salina reported the upregulation of core metabolic 
pathways under high salt to produce enough energy and glycerol-based secondary metabolites to 
actively balance high external salt concentrations (Chen and Jiang, 2009). Consistent with these 
adaptations, we found that the halite Dolichomastix alga had extremely high rates of 
photosynthesis and oxidative phosphorylation, likely producing similar secondary metabolites to 
counter-act external osmotic pressure (Oren, 2014a; Polle et al., 2017). However, we were 
unable to detect evidence for active glycerol production in the alga’s transcriptome, as reported 
for D. Salina (Chen and Jiang, 2009). The predicted proteome for Dolichomastix exhibited a lack 
of high-pI proteins present in its non-halophilic phylogenetic relatives. While pI distribution in 
eukaryotes is not indicative of function, it has been linked to cytoplasmic and nuclear pH (Elevi 
Bardavid and Oren, 2012), suggesting that the Dolichomastix alga might have a slightly different 
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intracellular environment compared to non-halophilic members of its class, possibly due to 
adaptations for surviving in a saturated salt environment. 
 Our characterization of the halite microbiome’s viruses significantly expanded its 
existing sequence pool of viral diversity, providing a basis for more homology-based discovery 
for viruses in other halophilic environments. Expanding on our previous metagenomic work 
(Crits-Christoph et al., 2016a), we were able to reconstruct three times more viruses. Many of 
these viruses belonged to novel putative genera, including a wide variety of viruses targeting 
Halobacteria and Salinibacter hosts. We also detected significant transcriptional activity of 
genes encoding for viral structural and replicative components in many of the discovered viruses, 
indicating that they may be actively infecting their bacterial and archaeal hosts. Many viruses, 
including a Halobacteria virus from the Myoviridae class, displayed very high gene expression 
values, suggesting that they may play a significant role in shaping the structure and composition 
of halite communities. Our analysis of these viruses also revealed that their transcriptional 
activity (and potentially active infection) did not correlate with their relative abundance nor with 
that of their host, indicating that their virulent success was dependent on a combination of 
deterministic (host and virus abundance) and stochastic factors (infectivity rates, host resistance 
accumulation) in any given halite nodule. These results are consistent with those of an ocean 
meta-virome study reporting that abundances of individual bacteriophages varied significantly 
across time and space in response to complex deterministic and random processes that influenced 
infectivity success (Luo et al., 2017). Such dynamic processes could result in the viral infectivity 
and activity variation observed in our study, with stochastic factors resulting in unique outcomes 
in each nodule.  
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 Our study also sheds light on the transcriptional functioning of the halite community as a 
whole. The majority of highly-transcribed pathways in the halite metatranscriptome was related 
to cell maintenance and basal metabolic activities – transcription, translation, and processes 
associated with their regulation. The transcriptional landscape indicated rapid carbon turnover by 
the Dolichomatix alga, with its photosynthesis and oxidative phosphorylation pathways being 
some of the most consistently highly expressed in the community. The carbon fixed by 
Cyanobacteria and the alga, by way of oxygenic photosynthesis, is most likely the only source of 
primary production in the halite nodules (Robinson et al., 2015). ATP can also be produced via 
rhodopsin light-activated proton pumps by heterotrophic Halobacteria and Bacteroidetes 
(Engelhard et al., 2018). We found that opsin production was one of the most upregulated 
pathways in Halobacteria, suggesting that supplementation of their ATP budget by light-driven 
reactions is essential for these organisms. This is consistent with the upregulation of energy-
harvesting rhodopsins in Halobacteria during stress (Spudich, 1998) and other studies reporting 
that opsin-based proton pumps are important supplementary sources of energy for Halobacteria 
in energetically-taxing hypersaline environments (Grote and O'Malley, 2011; Ernst et al., 2014). 
Finally, it should be noted that while the algae contribute relatively more to the carbon fixation 
than previously thought, the overall community metabolic rates may still be quite slow, as 
evidenced by previous estimates of carbon turnover in these microbiomes (Ziolkowski et al., 
2013).  




 We reported here the first characterization of the metatranscriptome of an endolithic and 
halophilic microbial community, providing novel insights into the functioning of 
microorganisms under these native conditions. We found notable differences in the relative 
transcriptional contributions of the major taxa relative to their genomic abundance and identified 
several key highly-expressed functional pathways. Despite the extreme conditions of the 
Atacama Desert, and the prevalence of extremophilic prokaryotes in endolithic microbiomes, a 
newly characterized alga was found to be responsible for producing most of the community’s 
biologically available carbon. We also found a high variation in the transcriptional landscapes of 
the halite communities despite a relatively robust functional potential, likely reflecting diversity 
in individual rock topology. Finally, our meta-omic analysis of the community’s metavirome led 
to the discovery and characterization of several novel and infectively active halophilic viruses 
and their hosts. Future studies should be designed to determine the factors governing the high 
transcriptional variation at different spatial scales, and to investigate transcriptional adaptations 




• Raw metagenomic and metatranscriptomic sequences are publicly available through NCBI 
PRJNA560058.  
• Metagenomic assembly and its functional annotation are publicly available through the 
GOLD service at JGI (Ga0371442, Taxon ID 3300033522). 
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• All intermediate data, MAGs, and analysis scripts used for this analysis are publically 
available at https://github.com/ursky/metatranscriptome_paper.  





Fig. 3.S1: A photograph of the sampling site, showing halite nodules scattered on the surface of 





Fig. 3.S2: (A) Temperature, (B) relative humidity, and (C) light (PAR) fluctuations at the SG1 
sampling site over an average day. Data were collected at ground level with a HOBO probe. 
Trend lines represent non-parametric regression with the LocalPolynomialKernel(q=6) method 
in pyqt_fit. Weather data was collected every hour from 2017-02-06 to 2017-02-28 (temperature 
and humidity measurements) and 2018-02-22 to 2018-02-25 (light measurements). Red dotted 
lines show time of sampling (9 am and 9 pm). 
 
 
Fig. 3.S3: Log values of ratios of the average transcription (transcripts per million reads; TPM) 
over the average abundance (copies per million reads) for high-quality metagenome-assembled 
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genomes (MAGs; >70% completion, <5% contamination) across the 12 replicate samples. Color 
map corresponds to the Log 10 of the TPM values. Genome labels include full MAG identifiers.   
 
 
Fig. 3.S4: (A) Relationship between scaled metagenome-assembled genome (MAG) abundance 
(copies per million; CPM) and their respective mean expression (transcripts per million reads; 
TPM). The scaled values were calculated as follows: TPMscaled=(TPM-TPMmin)/(TPMmax-
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TPMmin), CPMscaled=(CPM-CPMmin)/(CPMmax-CPMmin). (B) Distributions of Pearson correlation 
coefficients in MAGs of the non-scaled TPM and CPM values across the 12 replicates. Panels C 
and D show the same analysis of CPM and TPM correlations but at the contig level. 
 
Fig. 3.S5: Relative prevalence of major KEGG functional pathways in the metagenomic and 
metatranscriptomic samples. The pathway abundance (DNA) and expression (RNA) value were 
the combined total copies per million and transcripts per million, respectively, of the genes that 
constituted that pathway. All samples were standardized to equal total coverage of all pathways 





Fig. 3.S6: Variation in pathway abundance in metagenome replicates (cyan) and variation in 
pathway expression in metatranscriptome replicates (gold) shown for major phylogenetic groups 




Fig. 3.S7. DESeq2 differential expression analysis of the halite community between the 9 am and 
9 pm time points. (A) Clustering between the time points shown with a PCA of the expression 
profile of the entire community. (B) Lack of significantly differentially expressed genes (q-
value<0.01) in the Halothece and (C) Dolichomastix draft genomes. Gene expression was 
expressed as transcripts per million (TPM) and further standardized to the total transcription of 
the contig (A) or genome (B,C) that they belong to in order to account for inter-replicate 




Fig. 3.S8: Mean transcriptional activity ratio (encoded in color map) of major highly-expressed 
KEGG pathways in the major taxa found in the halite communities. The relative activity is the 
ratio of total pathway expression (transcripts per million reads) to the pathway’s abundance 





Fig. 3.S9: (A) Unrooted phylogenetic tree of a random subset of 500 Chlorophyta (green algae) 
species from the SILVA database, including all available sequences from the Mamiellophyceae 
class (highlighted in blue), constructed from a multiple alignment of 18S rRNA sequences. (B) 
Zoomed-in view of the Mamiellophyceae class phylogeny, showing the clustering of 18S rRNA 
gene sequences from the halite algae with members of the Dolichomastix genus (highlighted in 
blue; the closest sequence from Lake Tyrrel isolate under GenBank accession number 
KC486366.1).  
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Fig. 3.S10: (A) Distribution of isoelectric points (pI) of predicted proteins in various algal 
genomes, including the novel Dolichomastix. (B) Predicted pIs of homologous proteins identified 
in both Dolichomastix and M. pusila genomes, showing biases in pI preferences between the two 
genomes. (C) GC content and average expression of Dolichomastix genes, with genes encoding 
homologs of proteins important for high-salt tolerance in D. salina highlighted in black. (D) 
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Distribution of isoelectric points (pI) of predicted genes in Dolichomastix chromosomes, 





Fig. 3.S11: Gene similarity network of RefSeq viruses (grey) and with viral contigs identified in 
this study (blue). Genus-level taxonomy was determined using VContact2 and inter-genome 
similarity was estimated with protein alignments with DIAMOND. Any genomes with no 




Fig. 3.S12: Viral contig total transcriptional activity (transcripts per million reads) and 
abundance (copies per million reads) across the 12 replicates. Size of circles represents the 
relative length of viral contigs and color denotes the taxonomy of predicted host (blue: 





Fig. 3.S13: Distribution of Pearson correlation between total transcriptional activity (transcripts 
per million reads; TPM) and total abundance (copies per million reads; CPM) of viral contigs 
across the 12 replicates.  
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Fig. 3.S14: RT-PCR validation of the lack of DNA contamination in the extracted RNA. Each 
RNA sample was processed using the SuperScript III cDNA synthesis kit with (RT+, positive 
control) or without (RT-, negative control) the reverse transcriptase enzyme. The 16S rRNA gene 
was amplified from the resulting cDNA. Pairs of library replicates (1 and 2, 3 and 4, 5 and 6, 
etc.) were pooled in-silico to produce the final RNAseq libraries. Arrows indicate the expected 




CHAPTER 4: Regulatory non-coding small RNAs are diverse and 
abundant in an extremophilic microbial community 
 
Preface  
The work in this chapter has been peer-reviewed and published as a research article to mSystems 
- *Gelsinger D, *Uritskiy G, Reddy R, Munn A, Farney K, and DiRuggiero J, December 18th, 




Jocelyne DiRuggiero designed the study, collected field samples, and wrote the manuscript. 
Gherman Uritskiy collected field samples, processed samples for sequencing, analyzed the 
metagenomic and metatranscriptomic data, and created SnapT. Diego Gelsinger collected field 
samples, conceived SnapT’s workflow, processed and analyzed annotated sRNAs, did sRNA 
structural prediction, and performed differential expression analysis. Rahul Reddy and Adam 
Munn performed experimental target validation. Katie Farney grew and characterized 
enrichment cultures. All authors approved the final version for submission. 
 
Abstract 
Regulatory small RNAs (sRNAs) play large-scale and essential roles in many cellular processes 
across all domains of life. Microbial sRNAs have been extensively studies in model organisms 
but very little is known about the dynamics of sRNA synthesis and their roles in the natural 
environment. In this study, we discovered hundreds of intergenic (itsRNAs) and antisense 
 139 
(asRNAs) sRNAs expressed in an extremophilic microbial community inhabiting halite nodules 
(salt rocks) in the Atacama Desert. For this, we built SnapT – a new sRNA annotation pipeline 
that can be applied to any microbial community. We found asRNAs with expression levels 
negatively correlated with that of their putative overlapping target and itsRNAs that were 
conserved and significantly differentially expressed between 2 sampling time points. We 
demonstrated that we could perform target prediction and correlate expression levels between 
sRNAs and predicted target mRNAs at the community level. Functions of putative mRNA 
targets reflected the environmental challenges members of the halite communities were subjected 
to, including osmotic adjustments to climate perturbation and competition for nutrients. 
Microorganisms in the natural world are found in communities, communicating and interacting 
with each other, it is therefore essential that microbial regulatory mechanisms, such as gene 
regulation effected by sRNAs, be investigated at the community level. This work demonstrates 
that metatranscriptomic field experiments can link environmental variation with changes in RNA 
pools and have the potential to provide new insights into environmental sensing and responses in 
natural microbial communities through non-coding RNA mediated gene regulation.  
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INTRODUCTION 
Non-coding RNAs (ncRNAs) are untranslated short transcripts that are found in the three 
domains of life where they play essential roles in many cellular processes (Cech and Steitz, 
2014; Gelsinger and DiRuggiero, 2018a). In prokaryotes, a subset of these ncRNAs, thereby 
called small RNAs (sRNAs), are specifically involved in gene regulation through RNA-RNA 
mediated interactions, modulating core metabolic functions and stress related responses 
(Gottesman and Storz, 2011). These sRNAs range from 50 to 500 nucleotides in size and can be 
of two types: trans-encoded sRNAs, also called intergenic sRNAs (itsRNAs), which bind their 
mRNA targets via imperfect base-pairing and can target multiple genes, including key 
transcription factors and regulators (Wagner and Romby, 2015). itsRNAs can activate or inhibit 
translation initiation by interacting with the ribosome binding site (RBS) and/or modulating 
mRNA stability (Wagner and Romby, 2015). In contrast, cis-encoded antisense RNAs (asRNAs) 
are transcribed on the DNA strand opposite their target gene and thus can act via extensive base 
pairing; they have been found to repress transposons and toxic protein synthesis (Wagner and 
Romby, 2015). 
The functional roles of microbial sRNAs have been extensively studied in a few model 
organisms and very little is known about the dynamics of sRNA synthesis in natural 
environments and the roles of these short transcripts at the community level (Carrier et al., 2018; 
Gelsinger and DiRuggiero, 2018a). To our knowledge, only two studies have reported the 
discovery of sRNAs in natural microbial communities (Shi et al., 2009a; Li et al., 2015). This 
paucity of knowledge suggests that an abundance of sRNAs remain to be discovered, in 
particular in extreme environments where they likely play essential roles in stress response 
(Clouet-d'Orval et al., 2018), inter-species communication, and/or cross-species RNA 
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interference (Cai et al., 2018; Tsatsaronis et al., 2018; Toyofuku et al., 2019). In addition, there is 
currently no available software or pipeline for sRNA annotation from transcriptional data, as 
previous studies relied on in-house scripts to annotate the prokaryotic sRNAs.  
In hyper-arid deserts, microbial communities find refuge inside rocks as a survival 
strategy against the extreme conditions of their environment (Pointing and Belnap, 2012). Such 
community inhabits halite (salt) nodules in Salars of the Atacama Desert, Chile, which is one of 
the oldest and driest deserts on Earth (Crits-Christoph et al., 2016a; Finstad et al., 2017). The 
halite endolithic (within rock) community harbors mostly members of the Archaea 
(Halobacteria), unique Cyanobacteria, diverse heterotrophic bacteria, and a novel type of algae 
(Crits-Christoph et al., 2016a; Finstad et al., 2017), all of which were shown to be 
transcriptionally active (Uritskiy et al., 2019a). The main source of liquid water for this 
community is from salt deliquescence (Davila et al., 2008) and it is sustained by CO2 fixed via 
photosynthesis (Davila et al., 2015b; Crits-Christoph et al., 2016a). While previous studies have 
demonstrated the role of sRNAs in the stress response of one of the members of this community, 
the halophilic archaeon Haloferax volcanii (Gelsinger and DiRuggiero, 2018b; Kliemt et al., 
2019), there is no information on any of the other members.  
Here we used a combination of genome-resolved metagenomics and metatranscriptomics 
to investigate the role of sRNAs in the adaptive response of microorganisms inhabiting halite 
nodules. We developed an analytical pipeline, SnapT, built on our previous work on sRNAs with 
model organisms (Gelsinger and DiRuggiero, 2018a), to enable the discovery of sRNAs at the 
community level. SnapT is the first publically-available bioinformatic tool for sRNA discovery 
in transcriptomic data, both in single-species isolates and in the metagenomic context. Using 
strand-specific metatranscriptomics we found hundreds of sRNAs (both itsRNAs and asRNAs) 
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from multiple trophic levels in the halite community, including conserved sRNAs, validating our 
experimental approach. Previous studies have been limited to either intergenic or antisense 
sRNAs, never both; analysis of both types of sRNAs in our study allowed for the most 
comprehensive view of the sRNA regulatory landscape in a microbial community (Shi et al., 
2009b; Gelsinger and DiRuggiero, 2018b; Uritskiy et al., 2019b). A number of itsRNAs were 
significantly differentially regulated between 2 sampling time points, providing validation that 
sRNAs are modulated in the natural environment. For a subset of these, we were able to perform 
structure and target prediction of conserved sRNAs to decipher their potential regulatory roles, a 
first at the metatranscriptomic level. Coupling metagenomics and metatranscriptomics with 
SnapT allows for the potential to uncover the complex regulatory networks that govern the state 




MATERIAL AND METHODS 
Sample and weather data collection and nucleic acid extraction. Halite nodules were 
harvested in Salar Grande, an ancient evaporated lake in the Northern part of the Atacama Desert 
(Robinson et al., 2015) in February 2016 and 2017, 3 and 15 months after a major rain event 
(Uritskiy et al., 2019b). All nodules were harvested within a 50m2 area as previously described 
(Robinson et al., 2015). The colonization zone of each nodule was grounded into a powder, 
pooling from 1-3 nodules until sufficient material was collected, and stored in the dark in dry 
conditions until DNA extraction in the lab. Samples used for RNA were stored in RNAlater at 
4°C until RNA extraction in the lab. Genomic DNA was extracted with the DNAeasy PowerSoil 
DNA extraction kit (QIAGEN) as previously described (Robinson et al., 2015; Crits-Christoph et 
al., 2016a) (QIAGEN). Total RNA was extracted from the fixed samples by first isolating the 
cells through gradual dissolving of the salt particles as previously described (Robinson et al., 
2015; Crits-Christoph et al., 2016a) and lysing them through mechanical bead beating with the 
RNAeasy PowerSoil RNA extraction kit (QIAGEN). Total RNA was then extracted from the 
lysate with a Quick-RNA miniprep kit (Zymo Research). RT-PCR was used to validate the 
absence of contaminating DNA in the total RNA used for RNA-seq libraries. 
 
Library preparation. Whole genome sequencing libraries were prepared using the KAPA 
HyperPlus kit (Roche) as previously described (Uritskiy et al., 2019b) and sequenced with paired 
150bp reads on the HiSeq 2000 platform at the Johns Hopkins Genetic Resources Core Facility 
(GRCF). Total RNA-seq libraries were prepared with the SMARTer Stranded RNA-seq kit 
(Takara and Bell), using 25ng of RNA input and 12 cycles for library amplification, as 
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previously described (Uritskiy et al., 2019a). We sequenced 22 libraries from replicate samples 
from 2016 and 24 libraries from replicate samples from 2017.  
  
Metagenomic sequence processing and MAG recovery. The de-multiplexed shotgun 
metagenomic sequencing reads were processed with the complete metaWRAP v0.8.2 pipeline 
(Uritskiy et al., 2018c) with recommended databases on a UNIX cluster with 48 cores and 
1024GB of RAM available. This study used the publically available metagenomic assembly, 
annotation, and metagenome-assembled genomes (MAGs) from a previous publication(Uritskiy 
et al., 2019b). MAGs with a minimum completion of 70% and a maximum contamination of 5%, 
as determined with CheckM (Parks et al., 2015) were used in this study. Detailed scripts for the 
entire analysis pipeline can be found at https://github.com/ursky/timeline_paper.   
 
SnapT for sRNA community identification. An analytic pipeline, SnapT for Small ncRNA 
Annotation Pipeline for (meta)Transcriptomic data, was adapted from our previous work 
(Gelsinger and DiRuggiero, 2018a) to find, annotate, and quantify intergenic and antisense 
sRNA transcripts from transcriptomic or metatranscriptomic data. Detailed scripts for the 
pipeline can be found at https://github.com/ursky/SnapT and search criteria were as follows: 
intergenic transcripts were at least 30 nt away from any gene or ORF on both strands; antisense 
transcripts were 30 nt away from any gene on their strand, but overlapped with a gene on the 
opposite strand by at least 10 nt; small peptides (<100 nt) were not counted as genes if they were 
encoded in a transcript that was more than 3 times their length; non-coding transcripts could not 
contain any reading frame greater than 1/3 of their lengths; predicted non-coding transcripts near 
contig edges were discarded and the minimum distance to the edge of a contig was dynamically 
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computed such that the tips of contigs were not statistically enriched in annotated ncRNAs; small 
ncRNAs were between 50 nt and 500 nt in length; sRNA transcripts could not have significant 
homology with any protein in the NCBI_nr database (query cover>30%, Bitscore>50, 
evalue<0.0001, and identity>30%) and with any tRNA, RNase P, or signal recognition particle 
(SRP) model in the Rfam non-coding RNA database. 
 
Taxonomic assignment and distribution of sRNAs. The taxonomic origin of each annotated 
sRNA was taken to be as that of the contig on which it lay. The taxonomy of each contig was 
estimated by taking the weighted average of the taxonomic assignment of the genes encoded on 
it, as determined through the JGI IMG functional and taxonomic annotation service 
(https://img.jgi.doe.gov/).  
 
Metatranscriptomic Correlation and Differential Expression Analysis. We used a read 
count-based differential expression analysis to identify differentially expressed sRNA and 
mRNA transcripts. The program featureCounts (Liao et al., 2014) was used to rapidly count 
reads that map to the assembled RNA transcripts (described above) as previously described 
(Gelsinger and DiRuggiero, 2018a). In order to account for organism abundance changes (as 
opposed to true transcript changes), we normalized the transcript read counts to the total read 
counts from the contig on which the transcript lies on. The read counts were then used in the R 
differential expression software package DESeq2 (Love et al., 2014) to calculate differential 
expression by determining the difference in read counts between 2016 normalized read counts 
from 2017 normalized read counts. The differentially expressed RNAs were filtered based on the 
statistical parameter of False Discovery Rate (FDR) and those that were equal to or under a FDR 
 146 
of 5% were classified as true differentially expressed transcripts. We carried out differential 
expression analysis using a pairwise Wald test to find any possible differences between years 
(Love et al., 2014). In parallel, normalized expression values were calculated using stringtie in 
transcripts per million (TPM). TPM of transcripts were normalized in the same way as read 
counts, except using contig TPM. TPM of transcripts was used for ranking of expression within 
samples as opposed to differential expression analysis. 
 
Regulatory element motif identification of sRNAs, structure and target prediction. 50 
nucleotides upstream from the sRNA transcript start coordinates were searched for transcription 
motifs (BRE and TATA-box for archaea and -35 and -10 consensus sequences for bacteria) using 
both multiple sequence alignments and visualization with WebLogo and motif searching with 
MEME (Gelsinger and DiRuggiero, 2018a). Conserved sRNAs were identified using blastn 
against the NCBI nt database. Secondary structures of conserved sRNAs were predicted using 
sRNAs that had an e-value maximum of 1E-3, a sequence similarity of 70% or more, and 50% or 
more coverage with a NCBI nt database blastn hit; a minimum of 14 alignments were used in the 
program LocARNA using global alignment settings (Will et al., 2012). Lastly, putative targets 
were predicted for itsRNAs by searching for optimal sRNA-mRNA hybridization using the 
IntaRNA program with the no seed parameter (Mann et al., 2017) and the reference genes for 
each respective metagenome-assembled genome (MAG). Targets were ranked by lowest p-value. 
Expression levels for putative targets of antisense sRNAs were obtained from co-expression 
analysis of transcripts (Gelsinger and DiRuggiero, 2018a, b). The sRNA and putative target 




Enrichment cultures. Three types of culture medium were inoculated in triplicate with ~2 g of 
grounded halite colonization zones and incubated at 42°C with shaking at 220 rpm (Amerex 
Gyromax 737) for 1 to 2 weeks. Cells were harvested by centrifugation and nucleic acids 
extracted as described above. Media were: GN101 medium (Kish et al., 2009) containing 250 g 
of salt per L and 10 g of peptone as carbon source; Hv-YPC medium (Dyall-Smith, 2009) 
containing 250 g of salt per L and 8.5 g of yeast extract, 1.7 g of peptone, and 1.7 of casamino 
acids as carbon sources; and IO containing 250 g of salt  and the same carbon sources as the Hv-
YPC medium. The taxonomic distribution of the cultures was obtained with 16S rRNA gene 
sequencing as previously described (Uritskiy et al., 2019b). 
  
sRNA validation. Total RNA extracted from environmental samples and enrichment cultures 
was converted into cDNA using the SuperScript III First-Strand Synthesis System 
(ThermoFisher) using 5ng of input RNA. The cDNA was then amplified using 515F/926R 16S 
rRNA primers designed for sRNAs identified in the halite community (Table 4.S1), as 
previously described (Meslier et al., 2018), 2ul of the total cDNA reaction product. Amplicons 






Landscape of predicted sRNAs in the halite community and validation. We discovered 
hundreds of ncRNAs in an extremophilic community inhabiting halite nodules (salt rocks) in the 
Atacama Desert by using SnapT (https://github.com/ursky/SnapT), a pipeline adapted from our 
previous work on a model haloarchaeon present in the halite community (Table 4.1; data S1) 
(Gelsinger and DiRuggiero, 2018a). SnapT identifies putative sRNAs by de-novo assembling 
transcripts from RNA reads mapped to the metagenomic assembly, and extracting transcripts that 
cannot be explained by any protein-coding region and do not encode for peptides for further 
validation. We used metatranscriptomics data from multiple replicate samples collected in the 
field in 2016 and 2017  (21 and 24 replicates for 2016 and 2017, respectively). Using SnapT, we 
aligned reads from stranded RNA-seq libraries to our reference co-assembled metagenome from 
a previous study (Uritskiy and DiRuggiero, 2019) (Fig 4.S1). The assembled transcripts were 
then intersected with the metagenome annotation as well as open reading frames to select for 
either novel transcripts on the opposite strand of coding transcripts (asRNAs) or for novel 
transcripts that fell into intergenic regions (itsRNAs). Putative ncRNA transcripts were then 
further enriched using a threshold at 5x and 10x assembly coverage in order to identify 
intergenic and antisense ncRNAs, respectively. (Fig. 4.S2; Table 4.1). The size of these ncRNAs 
was then filtered from 50 to 500 nucleotides to produce a final set of non-coding sRNAs. The 
size distribution of these sRNAs was primarily between 50 and 200 nt for itsRNAs and above 




Tables and Figures  
Table 4.1: Summary of ncRNAs discovered in halite community   
*Percent from total ncRNAs 
** Conserved other than Rfam ncRNAs 
  
 Number (%)* % in Archaea % in Bacteria 
Total ncRNAs 1538 (100) 54 46 
Rfam ncRNAs 79 (5) 73 27 
Conserved sRNAs** 155 (10) 60 40 
Antisense sRNAs 925 (60) 40 60 






Fig. 4.1 Taxonomic distribution. Krona graphs of (A) the halite metagenome based of DNA 
sequence reads and (B) the halite metatranscriptome based on RNA sequence reads; and 
Voronoi plots of (C) total sRNAs; (D) itsRNAs and (E) asRNAs discovered in the halite 
community.   
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The halite ncRNAs were taxonomically assigned to diverse members of the community; 
their distribution between Archaea (54%) and Bacteria (46%) (Table 4.1) was similar to  that of 
the total metatranscriptomic reads for the community (Fig. 4.1B and C). In contrast, the 
taxonomic profile of the metagenome showed a larger contribution of bacterial reads and in 
particular of reads assigned to Cyanobacteria and Bacteroidetes (Fig. 4.1A). Because of the use 
of strand specific RNA-seq libraries, we could confidently identify both intergenic (it)sRNA, 
located between coding regions, and antisense (a)sRNA, overlapping with their putative target 
(Table 4.1). We found 3 times more itsRNAs in the Archaea than in the Bacteria, whereas 
asRNAs were more abundant in the Bacteria and more often associated with members of the 
Cyanobacteria (38%) and Bacteriodetes (15%) (Table 4.1; Fig. 4.We also found 79 ncRNAs, 
that belong to 6 known families of RNAs present in the Rfam database (Fig. 4.S3; data S1) 
(Kalvari et al., 2018a), validating our experimental and computational approach. This database is 
a collection of RNA families, each represented by multiple sequence alignments, consensus 
secondary structures, and covariance models. Of the Rfam-conserved ncRNAs, 70% were 
assigned to archaea and included RNaseP RNAs, signal recognition particle RNAs (SRP RNAs), 
and tRNAs. Of the Rfam-conserved bacterial ncRNAs, most were from SRP RNAs and tRNA 
conserved families. In addition, a cobalamin riboswitch and the regulatory sRNA, CyVA-1, were 
detected in low abundance in the halite Cyanobacteria. We also found 3 ncRNAs (4%) from 
Eukarya, a tRNA, a U4 spliceosomal RNA, and a RNase for mitochondrial RNA processing 
(MRP). Using blastn analysis (max e-value of 1E-3, sequence similarity of 70% or more, 
coverage of 50% or more), we discovered another 155 ncRNAs that were conserved in the NCBI 
nt datasbase, with 60% from archaea and 40% from bacteria (Table 4.1). The majority were 
asRNAs (109), with only 44 itsRNAs. The conserved asRNAs most highly expressed 
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(standardized tpm> 100) were all SPR RNAs in haloarchaea that were not found in the Rfam 
database. Of the conserved itsRNAs, we identified 3 tRNAs, 13 SRP RNAs, and 22 ncRNAs that 
were found in the genome of multiple species, all Halobacteria, but with no function assigned. 
The most highly expressed and conserved itsRNAs (standardized tpm> 100; 13 ncRNAs) were 
SRP RNAs not included in the Rfam database.  
Another validation of our findings was the presence of canonical promoter elements 
upstream of archaeal itsRNAs, suggesting that they were indeed bona fide transcripts that could 
recruit basal transcription factors (Fig. 4.S4). We did not find significant promoter elements 
upstream of the bacterial itsRNAs, which might reflect the diversity of promoter elements across 
the various bacterial taxa we identified in the halite community. In contrast, no promoter 
elements were identified in the upstream regions of asRNA from both domains of life.  
When looking at the expression levels of all itsRNAs normalized to contig abundances, 
we found that they were similar for both the 2016 and 2017 samples and slightly higher than that 
of the asRNAs, whereas the expression profile of the asRNAs was more variable across samples 
for both years (Fig. 4.S4). Remarkably, the expression levels of itsRNAs and asRNAs for both 
years was 2-fold higher than that of protein encoding genes. Whereas there is an inherent bias in 
our approach to identify sRNAs at the community level (coverage threshold in SnapT) compared 
to protein encoding genes, this finding strongly indicates potential functional relevance for a 
number of these sRNAs. 
We experimentally validated a number of sRNAs using RT-PCR with environmental and 
enrichment cultures (Table 4.S1). Enrichments were performed with several media containing 
high (25%) and relatively low (18%) salt, and various combinations of carbon sources. Amplicon 
sequencing of the enrichments revealed that high salt and diverse carbon sources resulted in 
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higher diversity of taxa, although haloarchaea dominated in all enrichments (Fig. 4.S5). All 
validated sRNAs belong to haloarchaea with the exception of one from Cyanobacteria. 
Sequences of the PCR products confirmed that they were sRNAs and validated our 
computational approach. 
Relationship with target genes and putative function of community asRNAs. Using our 
strand-specific RNA-seq data, we were able to identify the overlap position of asRNAs to their 
antisense transcripts. We found that, in both Archaea and Bacteria, the majority of asRNAs start 
within the span of their cognate gene and end near the 5’ end of its mRNA. In both domains 
there is also an enrichment for asRNA-mRNA overlaps near the 5’ end of the mRNA (Fig. 4.S6). 
A similar trend has previously been reported in two species of archaea (Gelsinger and 
DiRuggiero, 2018a; Almeida et al., 2019). 
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Fig. 4.2 sRNA expression levels. (A) asRNAs and their putative targets (mean expression levels 
of all replicates) (TPM); (B) Pearson correlations in expression level between asRNAs and their 
putative mRNA targets across all the replicates, with significant correlations (pval<0.01) 
highlighted in blue; (C) average expression of itsRNA and average expression of (D) asRNAs 
over the average expression of the contigs on which they are found. Dashed lines are added for 
simpler visual interpretation and a represent 1:1 ratio of contig activity to sRNA expression. 
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We compared the expression level of asRNAs with that of their putative target genes and 
found that highly expressed asRNAs were associated with lowly express genes (Fig. 4.2A). Of 
gene pairs with asRNA expression >100 tpm and gene expression <0.1 tpm, most where from 
haloarchaea (77%), with 12% of Cyanobacteria, and 11% of other bacteria (Bacteriodetes and 
Acinetobacter) (data 4.S1). Gene functions were enriched for transport (16%) and cell 
membrane/wall metabolism (5%), while most were hypothetical proteins (44%). Of the genes 
potentially negatively regulated by their cognate asRNAs, we found an archaeal regulator of the 
IclR family and potassium uptake protein TrkA. Only 2 asRNAs with high expression levels 
(>100 standardized tpm) were associated with genes with relatively high expression levels (>1 
standardized tpm), while still being negatively correlated (Fig. 4.2A). The corresponding genes 
encoded for an iron complex outermembrane receptor protein from Salinibacter and a ABC-type 
sodium efflux pump permease subunit from a Halobacteria. When applying a stringent cut-off, 
we found 9 statistically significant and negatively correlated asRNA:gene pairs (Fig. 4.2B). Four 
were from Bacteroidetes, 4 from Halobacteria, and 1 from an unidentified bacterium. At the 
functional level, transport systems, and in particular iron transport systems, were particularly 
enriched (data 4.S1). In contrast, we did not find any significant positive regulation between 
asRNAs and their cognate genes. When adjusted for the carrying organism’s abundance, 
expressed as the average RNA read coverage of the contigs, we found that overall itsRNAs were 
more highly expressed than asRNAs (Fig. 4.2C and 4.2D). Highly expressed sRNAs, for both 
types, were mostly carried by haloarchaea. 
Differential expression of itsRNAs at the community level and target prediction. Analysis of 
itsRNAs expression levels showed a clear separation between the 2016 and 2017 samples (Fig. 
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4.3a). We confirmed this separation between 2016 and 2017 samples by looking at 
metatranscriptomic expression levels of annotated genes from the metagenome (Fig. 4.S7). We 
carried out a differential expression analysis and found that 109 (18%) of the regulatory itsRNAs 
were significantly differentially expressed (FDR <5%) between samples collected in 2016 and 
2017 (Fig. 4.3 and data 4.S1), 3 and 15 months after a major rain event in the desert (Uritskiy et 
al., 2019b). Of these, 72% were annotated as archaea and 28 % as bacteria and 16 were 
conserved in multiple genomes (14 from Halobacteria and 2 from Cyanobacteria). Conservation 
of differentially expressed itsRNAs allowed for structure modeling and, when high quality 
MAGs (>70% completion and <5% contamination) were available from the metagenome, target 
prediction (Fig. 4.4 and Fig. 4.S8). A number of non-differentially expressed itsRNAs were also 
conserved, providing additional opportunity for structure prediction; these included itsRNAs 
from Halococcus (STRG. 48671.1; 69 nt), Halobellus limi (STRG136887.1; 209 nt), and from a 




Fig. 4.3 itsRNA differential expression. (A) PCA plot showing itsRNA expression levels clustered 
by year and (B) heat map of log2-transformed fold change for the top 50 significantly 
differentially expressed itsRNAs; each row is an itsRNA and each column a sample collected in 
2016 or 2017. 
 
All predicted structures displayed loop and stems regions that had high sequence 
conservation (light purple regions on sequence–structure-based alignment reliability [STAR] 
profile plots) and high structure conservation (dark purple), and line plots representing the 
reliability of the predictions as calculated by LocaRNA (Fig. 4.4 and Fig. 4.S8B). Density plots 
combined with dumbbell plots were used for visualizing predicted interactions between itsRNAs 
and their putative targets, using IntaRNA data from the top 100 most reliable interaction 
predictions with the lowest free energy of hybridization (Mann et al., 2017) (Fig. 4.4). High 
confidence assignments were obtained for 4 differentially expressed itsRNAs from 
Cyanobacteria, Halapricum salinun, and a member of the Halobacteria (data 4.S2) More than 
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one interaction peak were derived from density plots; peak 1 (green) corresponded to the highest 
interaction density, which mapped to loop regions in the itsRNA secondary structure with high 
sequence and structure conservation, respectively, and was thus a confident assignment as an 
interaction region, whereas Peak 2 (yellow) was a less confident assignment structurally despite 
high interaction density (Fig. 4.4 and Fig. 4.S8B).  
Using this information, we identified the most probable targets for Cyanobacteria 
STRG.5354.4 candidate itsRNA (229 nt). This itsRNA was conserved as a 6S regulatory RNA in 
the rfam database, which in bacteria is found to inhibit transcription by binding directly to the 
housekeeping holoenzyme form of RNA polymerase (Wassarman, 2018). Of the top 50 most 
probable targets for STRG.5354.4, which were those with the lowest free energy of hybridization 
between itsRNA and targets, were cation:H+ antiporters [shown to be involved in 
osmoregulation (Krulwich et al., 2009), a PleD family two-component response regulator, the 
photosystem I PsaB protein, chemotaxis transducers, and proteins involved in energy 
metabolism. Most probable targets for differentially expressed itsRNA, STRG. 86294.1 (281 nt) 
from Halapricum salinum included various transporters and putative membrane and cell wall 
associated proteins; notably an ammonium transporter (Amt family), an alkanesulfonate 
monooxygenase SsuD from a gene cluster expressed under sulfate or cysteine starvation 
(Garland et al., 1999), and several proteins involved in cofactors and vitamin metabolism. 
Predicted targets with the lowest free energy of hybridization for STRG.49508.3 candidate 
itsRNA (99 nt) from Halobacteria were elongation factor 1-alpha, which promotes the GTP-
dependent binding of aminoacyl-tRNA to the A-site of ribosomes during protein biosynthesis, 
several ribosomal proteins, and a number of hypothetical proteins. Target prediction for 
Cyanobacteria STRG.5356.1 candidate itsRNA (242 nt) included molecular chaperones (DnaK 
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Fig. 4.4 Predicted structure, target identification, and expression levels for selected differentially 
expressed itsRNAs. (A) 2D-layout of consensus structures with base pairs coloring showing 
sequence and structure conservation and interactions peaks (green and yellow arrows); STAR 
profile plots with dark regions indicating structure reliability, light regions representing 
sequence reliability, and thin lines showing the combined column-reliability as computed by 
LocARNA-P. (B) Interaction plots of itsRNAs and their predicted targets. The top graphs are 
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density plots calculated from the top 100 putative targets, and on the bottom are dumbbell plots 
of interactions (blue dumbbells) along the length of the itsRNA for the top 100 predicted mRNA 
targets; interaction peaks are shown in green and yellow in the predicted structures; (C) 





The roles of regulatory sRNAs have been extensively studied in bacterial, and to a lesser extent, 
in archaeal model systems (Carrier et al., 2018; Gelsinger and DiRuggiero, 2018a) but, to date, 
only four studies have reported the discovery of sRNAs in microbial communities. In one study, 
Shi et al. (Shi et al., 2009a) used metatranscriptomic data to identify unique microbial intergenic 
sRNAs in the ocean’s water column, in a second study by Bao et al. (Li et al., 2015) they 
revealed extensive antisense transcription in the human gut microbiota, also using 
metatranscriptomic datasets. In the last two studies, Hou et al. (Hou et al., 2016) conducted a 
survey of transcription start sites (TSS) and identified only a few sRNA TSS, while in Duran-
Pinedo (Duran-Pinedo et al., 2014) et al. they did an extensive study of intergenic sRNAs and 
focused on those that were conserved in the rfam database. Efforts have also been made to mine 
publically available databases for sRNA discovery (Weinberg et al., 2017) but this was still 
addressing the role of sRNAs in single microorganisms. In each of these studies, they were 
limited to one type of sRNA (intergenic versus antisense) usually due to technical limitations 
(i.e. sequencing technology, library preparations, etc). Through the combination of strand-
specific RNA-sequencing and the development of the first microbial sRNA identification 
pipeline, SnapT, we were able to comprehensively identify all sRNAs in an extremophilic 
microbial community. This combination of technologies allowed for a highly resolved view of 
sRNA-mediated regulation from multiple trophic levels of the community; from primary 
producing cyanobacteria to the dominant heterotrophic haloarchaea. 
One major difficulty in obtaining metatranscriptomic data from natural microbial 
communities, in particular from extreme environments, is the low amount of biomass that can be 
collected, resulting in low RNA yields (Uritskiy et al., 2019b). This, in turn, prevents attempts at 
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ribo-depletion, resulting in a decreased number of non-ribosomal RNA reads available for 
analysis. Nevertheless, using SnapT, a flexible pipeline to process metagenomics and 
metatranscriptomic data, we report the discovery of hundreds of diverse sRNAs from an 
extremophilic community inhabiting halite nodules in the Atacama Desert. In the process, we 
applied extensive quality control with coverage thresholding, correction for contig edge mis-
annotation, and the removal of potential non-ncRNAs through sequence and homology searches. 
While this approach might potentially result in false negatives, and may bias our findings toward 
the most highly expressed sRNAs in the community, it also insured the robustness of our sRNA 
predictions by minimizing the number false positives. The identification of ncRNAs in the halite 
community that belong to the Rfam database (Kalvari et al., 2018b), together with experimental 
validation of a number of sRNAs with environmental and enrichment cultures, substantiated our 
analytical approach. Additionally, expression levels of sRNAs 2-fold higher than that of protein 
encoding genes, strongly indicates potential functional relevance for a number of these sRNAs. 
The taxonomic composition of the halite sRNAs matched that of the community’s 
metatranscriptomic profile, reflecting the contribution of the most active members, including 
Cyanobacteria, Bacteriodetes, and a number of Halobacteria. We found significantly more 
itsRNAs in the archaea than in the bacteria and the trend was reverse for the asRNAs. This novel 
finding is representative of published work in model organisms where a wide range of sRNAs 
has been found so far in prokaryotes, from less than a dozen to more than a thousand per genome 
(Fig. 4.S9) (Carrier et al., 2018; Gelsinger and DiRuggiero, 2018a).  
Antisense sRNAs overlap their putative targets providing insights into their functional 
role (Wagner and Romby, 2015). In the halite community, we found that asRNAs expression 
levels were negatively correlated with that of their putative targets, with highly expressed 
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asRNAs overlapping lowly expressed protein encoding genes. A similar trends was reported in 
the haloarchaeon Haloferax volcanii, when investigating oxidative stress responsive sRNAs, and 
most of the putative targets were transposase genes (Gelsinger and DiRuggiero, 2018a, b). 
Putative target gene functions in our study were mostly from haloarchaea and enriched for 
transport systems, cell membrane and cell wall metabolism, with a large number of 
hypotheticals. Of particular interest, was an archaeal IcIR transcription regulator; these 
regulators are known to be involved in diverse physiological functions, including multidrug 
resistance, degradation of aromatics, and secondary metabolites production (Molina-Henares et 
al., 2006) and are distributed in a wide range of prokaryotes, including Archaea (Perez-Rueda et 
al., 2018). Also of interest, was a Trk potassium uptake system, also found in both bacteria and 
archaea and essential for the maintenance of high intracellular potassium in salt-in strategists 
(Oren, 2013). In contrast, we did not find any significant positive regulation between asRNAs 
and their cognate genes, which might be due to the inherent quality of our data set, i.e. no ribo-
depletion and heterogeneity across replicates (Uritskiy et al., 2019b). Alternatively, it might also 
reflect promiscuous transcription processes as argued when considering the functionality of 
asRNAs (Llorens-Rico et al., 2016). Other arguments in favor of spurious transcription was the 
size distribution for asRNAs found in the halite community, which was significantly larger than 
that of itsRNAs, low expression level when adjusted for organism abundance when compared to 
itsRNAs, and the absence of canonical regulatory elements in the upstream regions of asRNAs. 
However, we found also putative target functions that reflected the environmental challenges 
faced by members of this extremophile community, such as osmoregulation and nutrient uptake, 
indicating that these asRNAs might indeed regulate fundamental biological functions at the 
community level. 
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We previously showed that the halite community dramatically shifted its taxonomic and 
functional composition after a major rain event in 2015, and while it recovered at the functional 
level in 2017, 15 months after the rain, members of the communities were permanently replaced 
(Uritskiy et al., 2019b). While the previous study was unable to reliably detect more subtle 
expression changes in halite microbiomes across the night-day cycle (Uritskiy et al., 2019a), we 
found that 18% of the halite community itsRNAs were significantly differentially expressed 
(FDR <5%) between samples collected in 2016 and 2017 (3 and 15 months after the rain, 
respectively), potentially indicating a transcriptional response to changes in environmental 
conditions. Intergenic sRNAs are of particular interest because they can target multiple genes, 
including key transcription factors and regulators (Gottesman and Storz, 2011). As a 
consequence, a single sRNA can modulate the expression of large regulons and thus have a 
significant effect on metabolic processes (Carrier et al., 2018). However, they do not overlap 
their target genes or bind their targets mRNAs with perfect complementary, which make finding 
targets for these sRNAs very challenging without genetic tools (Gelsinger and DiRuggiero, 
2018b).  
 To solve this problem at the community level, we focused on itsRNAs that were 
conserved and for which we could perform structural prediction. The intersection of this small 
subset of sRNAs with high quality MAGs that could be used as reference genomes, yielded 
confident target predictions for 4 differentially expressed itsRNAs, giving insights into metabolic 
functions potentially regulated by sRNAs at the community level. These included transporters, 
particularly related to osmotic stress, nutrient uptake and starvation, and pathways for 
chemotaxis and energy production and conversion. These pathways reflect the environmental 
challenges members of the halite communities are subjected to, including osmotic adjustments to 
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climate perturbation (Uritskiy et al., 2019b) and competition for nutrients in a near-close system 
with primary production as the major source of organic carbon (Crits-Christoph et al., 2016a). 
Using the genomic context of sRNAs from the ocean’s water column microbial communities, Shi 
et al. (Shi et al., 2009a) reported similar metabolic functions, underlying specific regulatory 
needs for natural communities. In contrast, genes with antisense transcription to asRNAs 
identified in the human gut microbiome were mostly transposase genes with a small component 
of bacterial house-keeping genes (Li et al., 2015). It important to note that no computational 
target prediction, using sRNA conserved predicted structure, was reported in either study. Our 
ability to predict de novo targets for sRNAs, as opposed to focusing on functions of known 
sRNAs in past studies, drastically increases the scale of regulatory potential we can map to a 
microbial community. Target prediction is entirely reliant on high quality MAGs and gene 
annotation, which we have successfully done through method development as well as the more 
simplified nature of the halite extremophilic community (Uritskiy, 2019). Taking this together, 
we suggest that extremophilic communities, including the halites, can serve as model systems to 
study sRNA dynamics in a natural environment. 
 Regulation of transcription by 6S sRNA has been shown to increase competitiveness and 
long-term survival in bacteria (Wassarman, 2018), suggesting an important role for 
Cyanobacteria candidate sRNA STRG.5354.4, identified as a 6S sRNA. Because of high RNA-
seq coverage of the Cyanobacteria MAGs, we could show that 40% of the top 50 targets for 
sRNA STRG.5354.4 were differentially regulated and more highly expressed in 2016, suggesting 
positive regulation by this sRNAs onto its putative targets. Transcriptional factors and regulators 
were also found as putative targets of differentially regulated itsRNAs in the halite community, 
underlying the capacity of microbial sRNAs to modulate the expression of large regulons 
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(Gottesman and Storz, 2011; Nitzan et al., 2017; Gelsinger and DiRuggiero, 2018b). Finally, a 
candidate itsRNAs from the Halobacteria had a number of predicted targets associated with 
ribosomal proteins and proteins involved in translation processes. This finding, together with a 
recent study in H. volcanii (Wyss et al., 2018), support the idea of sRNA modulation of protein 
biosynthesis in the Archaea. A potential framework for mechanisms for sRNA regulation of 
translation might be provided by a report, in the haloarchaeon Halobacterium salinarum, of 
modular translation subsystems that might selectively translate a subset of the transcriptome 





In this study, we characterized the taxonomic and functional landscape of sRNAs across 
two domains of life in an extremophilic microbial community, demonstrating that asRNAs and 
itsRNAs can be reliably identified from natural environmental communities. To facilitate this 
work, we built a flexible pipeline, SnapT (https://github.com/ursky/SnapT), leveraged by our 
expertise of sRNA biology in a model halophilic archaeon, and which is available to use with 
metatranscriptomic data from any community. We demonstrated that we could perform target 
prediction and correlate expression levels between itsRNAs and predicted target mRNAs, paving 
the way for novel discoveries that have never been done at the community level. While 
additional work with enrichment cultures remain to be done to fully characterize the functional 
roles of sRNAs from the halite community, and their mechanism of action, these differentially 
expressed sRNAs for which we found putative targets show the power of community-level, 
culture-independent approach analysis for gene regulation processes. 
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accessible through GEO Series accession number GSE137164 
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(https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE137164). Scripts for functional 









Fig. 4.S1: Flow chart for SnapT methodology. 
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Fig. 4.S2: Properties of sRNAs. (A) Thresholding for its and asRNAs. Ranked total expression 
(transcripts per million) of annotated antisense and intergenic small ncRNAs. The figure shows 
the linear relationship between the sRNAs expression in TPM and the number of sRNAs and how 
it decays. A threshold at 5x and 10x coverage was applied to its and asRNAs, respectively. 
Length distribution of (B) itsRNAs and (C) asRNAs. (D) Rfam-conserved sRNAs identified the 
halite community. (E) asRNA overlap distribution with their putative mRNAs. 
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Fig. 4.S3: (A) Regulatory regions for asRNAs and itsRNAs and for archaea and bacteria and (B) 




Fig. 4.S4: Taxonomy distribution of halite enrichment cultures showing the relative abundance 
(%) of bacterial and archaeal taxa in function of the culture media. 
 
Fig. 4.S5: PCA plots of (A) Pearson correlations in expression level between asRNAs and their 
putative mRNA targets across all the replicates, color coded by taxa and (B) expression levels of 
annotated genes from the metatranscriptome for all samples  
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Fig. 4.S6: (A) Additional structure prediction for highly expressed and differential. expressed 
itsRNAs; (B) Predicted structure, target identification, and expression levels for differentially 
expressed itsRNA STRG.5356.1 from a cyanobacterium. 
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CHAPTER 5: Halophilic microbial community compositional shift 
after a rare rainfall in the Atacama Desert 
 
Preface 
The work in this chapter has been peer-reviewed and published in ISME Journal, Uritskiy G, 
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Abstract 
Understanding the mechanisms underlying microbial resistance and resilience to perturbations is 
essential to predict the impact of climate change on Earth’s ecosystems. However, the resilience 
and adaptation mechanisms of microbial communities to natural perturbations remain relatively 
unexplored, particularly in extreme environments. The response of an extremophile community 
inhabiting halite (salt rocks) in the Atacama Desert to a catastrophic rainfall provided the 
opportunity to characterize and de-convolute the temporal response of a highly specialized 
community to a major disturbance. With shotgun metagenomic sequencing, we investigated the 
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halite microbiome taxonomic composition and functional potential over a 4-year longitudinal 
study, uncovering the dynamics of the initial response and of the recovery of the community 
after a rainfall event. The observed changes can be recapitulated by two general modes of 
community shifts – a rapid Type 1 shift and a more gradual Type 2 adjustment. In the initial 
response, the community entered an unstable intermediate state after stochastic niche re-
colonization, resulting in broad predicted protein adaptations to increased water availability. In 
contrast, during recovery, the community returned to its former functional potential by a gradual 
shift in abundances of the newly acquired taxa. The general characterization and proposed 
quantitation of these two modes of community response could potentially be applied to other 
ecosystems, providing a theoretical framework for prediction of taxonomic and functional flux 





 Microbial communities are essential to the functioning and evolution of our planet and 
their dynamics greatly affect ecosystems processing (Shade et al., 2012). Their taxonomic and 
functional diversity allow microbial communities to adapt to a wide range of conditions and to 
respond rapidly to environmental changes (David et al., 2014; Raymond et al., 2016). Resilience 
– the ability of a community to recover from perturbations – is of particular interest, especially in 
the context of global climate change, as extreme weather events are becoming more frequent 
(Shade et al., 2012). Understanding adaptation strategies for microbial resilience is therefore 
critical to gain insights into microbial evolution and diversification and to better understand the 
dynamics of translationally relevant microbiomes following stress.   
Previous studies have shown that acute disturbances can push a community’s taxonomic 
structure toward alternative equilibrium states, while retaining the preexisting functional 
potential (Scheffer et al., 2001). Such changes have been observed in soil, aquatic, engineered, 
and human-associated ecosystems where experimental perturbations caused the community 
taxonomic composition to shift with relatively minor changes to the overall functional potential 
of the community (Lozupone et al., 2012; Shade et al., 2012; Raymond et al., 2016; Jurburg et 
al., 2017). Functional redundancy has been proposed as a mechanism to support functional 
stability following perturbation (Goldford et al., 2017), however several studies have shown that 
major taxonomic changes can also result in important changes to the functional potential of gut 
communities (Thiemann et al., 2016; Palleja et al., 2018). 
Transitions between alternative taxonomic states have been postulated to occur via an 
intermediate dis-equilibrium state, during which a perturbation produces drastically different 
environmental stressors, causing the community to radically reshape in composition (Scheffer et 
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al., 2001; Shade et al., 2012). This has been observed with antibiotic treatment that can lead to 
mass death events. The resulting re-structuring of the gut microbiome is major with long-lasting 
changes even after the former conditions are re-established (Jernberg et al., 2010; Lozupone et 
al., 2012). However, little is known about the response dynamics to acute perturbations and in 
particularly the mechanisms that push a community’s taxonomic and functional structure in and 
out of an intermediate state. Additionally, the response and recovery of natural communities 
following environmental disasters, rather than manipulative experiments, remain largely 
unexplored mechanistically because of the difficulty in avoiding multiple compounding 
environmental factors (Allison and Martiny, 2008; Armstrong et al., 2016). These gaps in the 
understanding of microbial community behavior limits our ability to effectively model and 
predict the responses of microbiomes to major perturbations, such as those resulting from climate 
change and natural or man-made ecological disasters.  
To address this knowledge gap, and to build a conceptual model for modeling microbial 
community responses to extreme stress, we examined the temporal dynamics in response to a 
disastrous climate perturbation of a unique microbial ecosystem found in the Atacama Desert, 
Chile. The hyper-arid core of the Atacama Desert is one of the harshest environments on Earth, 
with an average annual precipitation of less than 1mm and some of the highest ultraviolet (UV) 
and solar radiation on the planet (McKay et al., 2003; Bozkurt et al., 2016). Despite this, 
microbial communities have evolved strategies to survive and grow within various mineral 
substrates of the desert (Wierzchos et al., 2018). One such community inhabits halite nodules 
that are natural porous salt rocks found exclusively in evaporitic salt basins of the Atacama 
Desert, including the Salar Grande basin (Robinson et al., 2015; Crits-Christoph et al., 2016a) 
(Fig. 5.S1). In this community, the majority of the biomass is constituted of salt-in strategists 
 180 
Halobacteria (a major class of archaea) and Bacteroidetes (Crits-Christoph et al., 2016a; Finstad 
et al., 2017) – two taxonomically diverse groups of extreme halophiles that accumulate 
potassium ions to match the external osmotic pressure from sodium ions (Mongodin et al., 2005; 
Crits-Christoph et al., 2016a; Monard et al., 2016). This adaptation allows them to survive in 
extremely high-salt environment, but restricts their fitness to a narrow range of external salt 
concentration (Oren, 2013; Thombre et al., 2016). As such, these highly specialized communities 
are more vulnerable to change compared to habitat generalists, particularly to sudden changes in 
external osmotic pressure. 
Encased in salt rocks, halite communities have very limited nutrient input beyond atmospheric 
gasses, and obtain water almost exclusively from deliquescence, the ability of sodium chloride to 
produce concentrated brine when atmospheric relative humidity rises above 75% (Davila et al., 
2015a). Primary production is the major source of organic carbon in the community and is 
carried out by Cyanobacteria and, to a lesser extent, by a unique alga (17). Each halite nodule 
represents a near-closed miniature ecosystem and thus can be treated as true independent 
biological replicates in longitudinal studies, allowing community changes to be tracked without 
external factors compounding the results. Combined with their sensitivity to changing osmotic 
conditions and slow growth rates, this makes halite microbiomes ideal for studying temporal 
dynamics of microbial communities and their ability to adapt to major environmental changes. 
In 2015, Northern Atacama received its first major rain in 13 years (Bozkurt et al., 2016). In 
particular, a weather station located 40 km North-West of our sampling site (Diego Aracena 
Airport SCDA) recorded significant rainfalls of 4.1mm (August 9th, 2015) and 20.1mm 
(November 20th, 2015) (2019). The previous notable precipitation in the area occurred in 2002 
(4.1mm) (Schulz et al., 2012). Such rain events have been observed to be devastating to the 
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specialized hyper-arid microbiomes of the Atacama Desert (Azua-Bustos et al., 2018), 
particularly in communities adapted to survive in saturated salt conditions, such as those found in 
halite nodules. Our longitudinal study over 4 years not only captured the microbiome’s short-
term adaptations to this major natural disaster, but also its recovery in the subsequent years, 




MATERIALS AND METHODS 
Longitudinal sampling strategy and sequencing approach 
To investigate the temporal dynamics of halite microbiomes, samples of halite nodules from two 
sites at Salar Grande (Fig. 5.S1), a salar in the Northern part of the Atacama Desert (Robinson et 
al., 2015), were harvested at regular intervals from 2014 to 2017, capturing the rare rain events 
that occurred in 2015 throughout the desert (Bozkurt et al., 2016). The main sampling site (Site 
1) was revisited four times during the study – twice before the rain (Sep 2014, Jun 2015), and 
twice after the rain – 3 months (Feb 2016) and 15 months (Feb 2017) after (Table 5.S1). For each 
time-point, 5 biological replicates were sequenced with whole-metagenomic (WMG) shotgun 
sequencing to investigate the functional potential and taxonomic structure of the communities 
over time, yielding a total of 70,689,467 paired-end reads (150bp paired-end, insert size 
277±217bp). Additionally, 9-12 biological replicates were collected for ribosomal amplicons 
(16S rRNA gene) sequencing and were used for taxonomic profiling of the microbiomes; this 
yielded 535,233 paired-end reads (250bp paired-end, insert size 419±7bp). A nearby site (Site 2) 
was also sampled after the rain at a higher temporal resolution (Feb 2016, July 2016, Oct 2016, 
and Feb 2017), with 5-13 replicates per time point. The 16S rRNA gene amplicons from samples 
at this site were also sequenced, yielding 357,325 paired end 250bp reads (insert size 419±4bp). 
 
Climate data acquisition 
Climate history data was obtained from the Weather Underground weather reporting service by 
selecting “Monthly History” in the data browser (2019). Weather data collected at the Diego 
Aracena International Airport (code SCDA) was manually downloaded for dates from the 
duration of the study (Jan 2014 – Mar 2017). The minimum and maximum temperature and 
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relative humidity, as well as total precipitation data from each day were plotted against time. The 
raw unedited data and analysis scripts can be found at https://github.com/ursky/timeline_paper. 
 
Sample collection and DNA extraction 
To investigate the effect of the rain on different locations, halite nodules were harvested from 
three sites in Salar Grande (Table 5.1). At each site, halite nodules were harvested within a 50m2 
area. At the S1 location, 14-24 replicates were collected yearly over the course of 4 years for the 
main analysis in this work comparing pre- and post-rain samples with both shotgun and amplicon 
sequencing. At the S2 location, 5-13 replicates were collected from 4 time points in the year 
following the rain to validate the post-rain community recovery with amplicon sequencing. 
Finally, shotgun sequencing of samples from the S3 location were used to improve the binning 
results from S1, but were not used for the longitudinal analysis of this work because too few time 
points and replicates were collected (see Table 5.S1 for details on sampling sites and replication). 
Halite nodules were collected as previously described (Robinson et al., 2015) and ground into a 
powder, pooling material from 1-3 larger nodules until sufficient amount was collected, and 
stored in dark in dry conditions until DNA extraction in the lab. Genomic DNA was extracted as 
previously described (Robinson et al., 2015; Crits-Christoph et al., 2016a) with the DNAeasy 
PowerSoil DNA extraction kit (QIAGEN). 
 
16S rRNA gene amplicon library preparation and sequencing 
The communities’ 16S rRNA gene was amplified with a 2-step amplification and barcoding PCR 
strategy as previously described (Robinson et al., 2015) by amplifying the hypervariable V3-V4 
region with 515F and 926R primers (Needham and Fuhrman, 2016). PCR was done with the 
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Phusion High-Fidelity PCR kit (New England BioLabs) with 40ng of gDNA. Barcoded samples 
were quantified with the Qubit dsDNA HS Assay Kit (Invitrogen), pooled and sequenced on the 
Illumina MiSeq platform with 250 bp paired-end reads at the Johns Hopkins Genetic Resources 
Core Facility (GRCF). 
 
Shotgun metagenomic library preparation 
Whole-genome metagenomic sequencing libraries were prepared using the KAPA HyperPlus kit 
(Roche). The fragmentation was performed with 5ng of input gDNA for 6 minutes to achieve 
size peaks of 800bp. Library amplification was done with dual-index primers for a total of 7 
cycles, and the product library was cleaned 3 times with XP AMPure Beads (New England 
BioLabs) to remove short fragments and primers (bead ratios 1X and 0.6X, keep beads) and long 
fragments (0.4X bead ratio, discard beads). Other steps followed the manufacturer’s 
recommendations. The final barcoded libraries were quantified with Qubit dsDNA HS kit, 
inspected on a dsDNA HS Bioanalyzer, pooled to equal molarity, and sequenced with paired 
150bp reads on the HiSeq 2000 platform at GRCF. 
 
16S rRNA gene amplicon sequence analysis 
The de-multiplexed and quality trimmed 16S rRNA gene amplicon reads from the MiSeq 
sequencer were processed with MacQIIME v1.9.1 (Caporaso et al., 2010). Samples from site 1 
and 2 were processed separately. The reads were clustered into OTUs at a 97% similarity cutoff 
with the pick_open_reference_otus.py function (with --suppress_step4 option), using the SILVA 
123 database (Quast et al., 2013) release as reference and USEARCH v6.1.554 (Edgar, 2010). 
The OTUs were filtered with filter_otus_from_otu_table.py (-n 2 option), resulting in a total of 
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472 OTUs for site 1 and 329 OTUs for site 2. The taxonomic composition of the samples was 
visualized with summarize_taxa_through_plots.py (default options). The beta diversity metrics 
of samples from the two sites were compared by normalizing the OTU tables with 
normalize_table.py (default options), and then running beta_diversity.py (-m 
unweighted_unifrac, weighted_unifrac). The sample dissimilarity matrices were visualized on 
PCoA plots with principal_coordinates.py (default parameters) and clustered heat maps with 
clustermap in Seaborn v0.8 (Waskom et al., 2017) (method=‘average’, metric=‘correlation’). 
Group significance was determined with compare_categories.py (--method=permanova). 
Relative similarity between metadata categories (harvest dates) was calculated with the 
make_distance_boxplots.py statistical package, which summarized the distances between pairs 
of sample groups (from Weighted or Unweighted Unifrac dissimilarity matrices), and then 
performed a two-sided Student's two-sample t-test to evaluate the significance of differences 
between the distances. Relative abundance of phyla and domain taxa were computed from the 
sum of abundances of OTUs with their respective taxonomy, and group significance calculated 
with a two-sided Student's two-sample t-test. Detailed scripts for the entire analysis pipeline can 
be found at https://github.com/ursky/timeline_paper. 
 
Processing shotgun metagenomic sequence data 
The de-multiplexed WMG sequencing reads were processed with the complete metaWRAP 
v0.8.2 pipeline (Uritskiy et al., 2018c) with recommended databases on a UNIX cluster with 48 
cores and 1024GB of RAM available. Read trimming and human contamination removal was 
done by the metaWRAP Read_qc module (default parameters) on each separate sample. The 
taxonomic profiling was done on the trimmed reads with the metaWRAP Kraken module (Wood 
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and Salzberg, 2014) (default parameters, standard KRAKEN database, 2017). The reads from all 
samples from the 3 sampling sites were individually assembled (for pI calculations) and co-
assembled (for all other analysis) with the metaWRAP Assembly module (--use-metaspades 
option) (Nurk et al., 2017). For improved assembly and binning of low-abundance organisms, 
reads from all samples were co-assembled, then binned with the metaWRAP Binning module (--
maxbin2 --concoct --metabat2 options) while using all the available samples for differential 
coverage information. The resulting bins were then consolidated into a final bin set with 
metaWRAP’s Bin_refinement module (-c 70 -x 5 options). The bins were then quantified by 
Salmon (Patro et al., 2017) with the Quant_bins module (default parameters). Contig read depth 
was estimated for each sample with the metaWRAP’s Quant_bins module, and the weighted 
contig abundance calculated by multiplying the contig’s depth by its length, and standardizing to 
the total contig abundance in each replicate. Detailed scripts for the entire analysis pipeline can 
be found at https://github.com/ursky/timeline_paper. 
 
Functional annotation 
Gene prediction and functional annotation of the co-assembly was done with the JGI Integrated 
Microbial Genomes & Microbiomes (IMG) (Chen et al., 2017) annotation service. Gene relative 
abundances were taken as the average read depth of the contigs carrying those genes (estimated 
with Salmon (Patro et al., 2017). KEGG KO identifiers were linked to their respective functions 
using the KEGG BRITE pathway classification (Kanehisa et al., 2016). KEGG pathway relative 
abundances were calculated as the sum of read depths of genes (estimated from the read depths 
of the contigs carrying them) classified to be part of the pathway. To test for changes in 
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functional diversity, the total number of unique enzyme identifiers that had a combined coverage 
of 1, 2, 4, 8, 16, or 32 transcripts per million was calculated. 
 
Isoelectric point (pI) analysis 
The average pI of gene pools were calculated from individual replicate metagenomic assemblies. 
Open reading frames (ORFs) were predicted by PRODIGAL (Hyatt et al., 2010) with the use of 
metaWRAP (Uritskiy et al., 2018c), and the pI of each ORF was calculate with ProPAS (Wu and 
Zhu, 2012). The average pI of the entire gene pool as well as individual taxa were calculated 
from the average pI of proteins encoded on contigs of relevant (KRAKEN) taxonomy. 
 
Taxonomic turnover index (TTI) 
The turnover indexes (TTIs) of each gene function (KO ID) represent the changes in relative 
abundances of the organismal strains (contigs) carrying them. For this purpose, the abundance of 
any given gene is assumed to be equal to the average abundance (coverage) of the contig that 
carries it. To calculate the TTIs, all contigs carrying genes of a given KEGG KO were identified, 
and the change in their relative abundances was calculated between two time-points of interest. 
Contig abundances from individual replicates were added up for each time point, then the TTI for 
each KEGG KO identifier was calculated from the weighted average of the absolute values of 
these changes (Equation 1). Importantly, this index does not measure the net change in 
abundance of each function, but instead quantifies the turnover in the organisms that carry it. 
Indeed, it is possible for the total abundance of a gene function to be carried by a completely new 
set of organisms, yet remain unchanged in total abundance. The RIs from all the KEGG 
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functions were plotted and the difference in their distributions between the time points was 
computed with the Kolmogorov-Smirnov 2-sample test. 
𝑇𝑇𝐼 =
∑ |𝑇2 − 𝑇1|𝑁0
∑ 𝑇1 + 𝑇2𝑁0
 
Equation 1: Formula calculating one function’s taxonomic turnover index TTI, where T1 and T2 
are standardized abundances of a contig carrying that function in two samples, and N is the 
number of contigs carrying that functions. 
 
Shotgun statistical analysis 
The significance in abundance changes of gene functions (i.e. KEGG KO identifiers), functional 
pathways (i.e. KEGG BRITE identifiers), and average pI of gene pools were estimated with a 
two-sided Student’s two-sample t-test. The relative similarity between groups of replicates 
(ordered by harvest dates) in terms of total pathway abundances and co-assembly contig 
abundances were computed by comparing Pearson correlations between samples. A Pearson 
correlation coefficient distance matrix was computed from all replicates, and a two-sided 
Student’s two-sample t-test was performed to evaluate the significance of the difference between 
the correlation distances. Differentially abundant KEGG (level 2) pathways were selected with a 
one-way ANOVA test (p<0.01, FDR<1%), and hierarchically clustered with Seaborn v0.8 
(Waskom et al., 2017) (method=’average’, metric=’euclidean’). The significance of the 
differences in distributions of RIs between pairs of time points, as well as differences in pI 
distributions of gene pool proteins were calculated with the Kolmogorov-Smirnov 2-sample test. 
Significance of MAG abundance, contig abundance, and pathway abundance clustering was 
determined with SigClust (nsim=1000, icovest=3) (Liu et al., 2008). Due to time considerations, 
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the contig clustering test was limited to contigs over 5kbp in length, which were then subsampled 





High-order taxonomic composition and functional potential were temporarily perturbed 
after the rain 
 The halite communities were found to be sensitive to the acute perturbation from the rain 
at the end of 2015 (Fig. 5.S2), as it induced a change in their taxonomic structure (Fig. 5.1). 
Practical considerations limited this longitudinal study to 4 samples collected of a 4-year period 
(2014-2017), with 2 time points before and 2 time points after the rain event. A second site was 
sampled 4 times after the rain, over 1 year. The average climate temperature during pre-rain 
sample collection was notably cooler (11°C-18°C) than that of 2016 and 2017 (17°C-25°C), 
which could have contributed to the shift described below. However, the recovery of the 
community composition in the following year despite higher temperatures suggests that the shift 
and recovery were primarily driven by the two rain events at the end of 2015.  
 
Fig. 5.1. Average taxonomic composition of halite microbial communities from Site 1 before 
(2014, 2015) and after (2016, 2017) the rain event, estimated from whole metagenome reads 
with KRAKEN and visualized with KronaTools. 
 
 Weighted Unifrac analysis of the amplicon data, which compares the dissimilarity of 
communities based on weighted taxonomic composition, revealed that the halite communities 
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were significantly different between time-points (PERMANOVA: p<0.001), with the taxonomic 
composition shifting following the rain. While the composition of the post-recovery (2017) 
communities was still significantly different from the pre-rain (2014 and 2015) samples 
(PERMANOVA: p<0.001), we found that they were more similar to each other than to the post-
rain (2016) communities, suggesting a partial recovery in composition (two-sided t-tests of 
pairwise comparisons: p<0.0001; Fig. 5.2A, S3E). To investigate broad high-level taxonomic 
changes, we interrogated the community composition at the domain and phylum levels. At the 
domain level, the halite community structure shifted from an Archaea-dominated community 
before the rain (2014 and 2015) to a more balanced Archaea-Bacteria community 3-months after 
the rain (2016) (Fig. 5.1). The relative abundance of Archaea dropped significantly (two-sided t-
tests: p<0.0001) in both 16S rRNA gene (Fig. 5.2B) and WMG sequencing. At the phylum level, 
we tracked changes in four taxa that constituted the majority of the community - Cyanobacteria, 
Bacteroidetes, Euryarchaeota (only represented by Halobacteria), and Chlorophyta. While 
chloroplast 16S rRNA gene abundance is not necessarily indicative of the absolute abundance of 
algae, we know that there is only one alga in the halite community and that it contains a unique 
chloroplast (Crits-Christoph et al., 2016a), validating our use of chloroplast sequences as a proxy 
for relative algal abundances. All four taxa significantly shifted in abundance after the rain: 
Cyanobacteria, Chlorophyta and Bacteroidetes significantly increased in relative abundance 
following the rain, while the abundance of Halobacteria significantly decreased (Fig. 5.1, 5.S3A-
D; two-sided t-tests: p<0.01). The abundances of these taxonomic groups partially recovered in 
the final sampling time-point (Fig. 5.S3). To strengthen these observations of community 
changes, we conducted additional sampling after the rain with a higher temporal resolution at an 
alternate location (Site 2; Fig. 5.S4, 5.S5). From 16S rRNA gene sequencing of this additional 
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data set, we discovered gradual changes of domain (Fig. 5.S4A) and some of the major phyla 
(Fig. 5.S5) during the year after the rain, revealing the slow nature of this recovery process. 
Weighted Unifrac dissimilarity clustering of these samples (Fig. 5.S4B) confirmed significant 
differences between the pre- (Feb 2016) and post-rain (Feb 2017) samples (PERMANOVA: 
p<0.001), however the intermediate time-points (Jul 2017 and Oct 2017) did not form distinct 
clusters and overlapped with the other samples.
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Fig. 5.2. Halite microbial community taxonomic composition and functional potential over time. 
Taxonomic composition of halite microbiomes at each time point, shown by (A) hierarchical 
clustering (correlation metric) of the Weighted Unifrac dissimilarity matrix and (B) the average 
relative abundance of archaeal sequences, based on 16S rRNA gene amplicon sequencing. Error 
bars represent standard deviation; significance bars denote two tail t-test p-val<0.0001. The 
changes in functional potential of the halite communities is shown in (C) with a PCA of the 
abundance of KEGG pathways inferred from WMG co-assembly quantitation and (D) with 
hierarchical clustering (Euclidean metric) of differentially abundant pathways (ANOVA p<0.01, 
FDR=<1%), standardized to the maximum value in each row.  
 
 
 The functional potential of the community, determined by annotation of KEGG pathways 
in the WMG co-assembly, also significantly changed after the rain, although it is important to 
note that these estimates were only based on gene abundances. Consistent with the taxonomy-
based clustering, samples from before the rain (2014 and 2015) were distinctly separate from 
samples collected shortly after the rain (2016; Fig. 5.2C). The KEGG pathway abundances in 
2014 samples were better correlated with that of 2015 and 2017 samples than 2016 samples 
(two-sided t-tests of Pearson correlations: p<0.001). While the majority of functional pathways 
were present in similar abundances between replicates and time points, a number of pathways 
were differentially represented between time points (Fig. 5.2D; ANOVA test, p<0.01, FDR<1%). 
Of these, the majority were significantly over- or under-represented in the samples collected 
shortly after the rain (2016-02; SigClust 2-group significance: p<0.0001).  
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Fig. 5.3. Differences in predicted protein isoelectric points and potassium uptake potential over 
time. Analysis of the isoelectric points (pI) of proteins encoded in replicates of WMG assemblies 
from samples harvested at different dates, showing (A) the overall weighted distribution of the 
protein pIs, and the weighted average pI of proteins encoded in (B) all contigs and (E) only 
Halobacteria contigs. (D) pI distribution of predicted proteins encoded in Bacteroidetes and 
Halobacteria contigs. Average potassium uptake potential across time point samples inferred 
from trk gene relative abundance and quantified in (C) all contigs and (F) only Halobacteria 
contigs. Error bars represent standard deviation; significance bars represent group significance 
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Differences in salt adaptations likely drove changes in salt-in strategists 
The most notable change in the functional composition of the community post-rain (2016) was 
an enrichment in proteins with a higher isoelectric point (pI), and a decrease in the potassium 
uptake potential (trk genes), both of which are hallmarks of salt-in strategists. We found that the 
pI of proteins encoded in community gene pool shifted significantly after the rain, favoring 
higher pI composition (Fig. 5.3A; KS 2-sample test: p<0.0001). Because of the significantly 
different pI distributions in the predicted proteins of Halobacteria (pI=5.04) and Bacteroidetes 
(pI=5.80; Fig. 5.3D; KS2-sample test: p<0.0001), the shift in their relative abundances resulted 
in the average pI of the community to significantly increase after the rain (two-sided t-test: 
p<0.01; Fig. 5.3B). Consistent with salt-in adaptations, we also found that the average potassium 
uptake potential (estimated from trk gene abundances) significantly decreased after the rain (Fig. 
5.3C). Interestingly, both the shift in the average protein pool pI and the change in potassium 
uptake potential were also observed within the highly heterogeneous Halobacteria class (Fig. 
5.3E, F).  
 
Fine-scale taxonomic compositional shift after the rain 
While changes in overall taxonomic composition (domain and phylum levels) of the halite 
communities were transient (Fig. 5.2A,B), we surprisingly found that their fine-scale 
composition (individual OTUs and contigs) did not recover. Samples collected at different dates 
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were significantly different in terms of presence or absence of operational taxonomic units 
(97%OTUs), as measured by the Unweighted Unifrac dissimilarity index (PERMANOVA: 
p<0.001), with samples harvested shortly after the rain (2016) being more distant from pre-rain 
samples than they were from each other (two-sided t-test: p<0.0001). We found that the 
community did not return to its initial state after the perturbation, as the post-recovery samples 
(2017) clustered together with post-rain (2016) samples (Fig. 5.4A), and were less distant to 
2016 samples than to the pre-rain samples (two-sided t-test: p<0.0001). The altered OTU 
composition of the community, shown with Unweighted Unifrac clustering, contrasts with the 
successful recovery of the higher-order taxonomic structure, as shown with Weighted Unifrac 
dissimilarity clustering (Fig. 5.2A). 
 The shift in the community’s fine-scale membership was validated with WMG 
sequencing at the scale of individual contig abundances (Fig. 5.S6). Based on contig read 
coverage across samples, we found that all post-rain samples clustered away from pre-rain 
samples (Fig. 5.4C; SigClust 2-group significance: p<0.01). Additionally, pairwise Pearson 
correlation comparison confirmed that contig abundances of post-rain samples were better 
correlated with each other than with that of pre-rain samples (two-sided t-test: p<0.0001). These 
contig-level turnover dynamics were additionally investigated with individually recovered 
metagenome-assembled genomes (MAGs). 91 high-quality MAGs (>70% completion, <5% 
contamination) were reconstructed with metaWRAP (Uritskiy et al., 2018c) and their 
abundances were tracked between samples. Pearson correlation comparison (two-sided t-test: 
p<0.0001) and group significance analysis (SigClust 2-group significance: p<0.01) confirmed 
the permanent shift of the fine-scale taxa composition after the rain (Fig. 5.4B). While the fine-
scale composition of the community did change during the post-rain recovery between 2016 and 
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2017, the resulting shift was more moderate when compared to the more drastic taxonomic shift 
immediately following the rain. This contrasts with the near-complete recovery of the overall 
functional potential of the community (Fig. 5.2C,D). Additionally, two conditionally rare taxa 
(Shade et al., 2014) of Cyanobacteria that were previously reported in only a small fraction of 
halite nodules (Finstad et al., 2017), were found in high abundances in most of the samples after 
the rain (Fig. 5.S7). Surprisingly, we found no correlation between the functional potentials of 
the MAGs and their survival after the rain, suggesting that this shift was a stochastic process. 
These results indicate that while the abundances of higher-order taxonomic ranks recovered to 
the pre-rain state, the fine-grain taxonomy of the community has been permanently reshuffled.  
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Fig. 5.4. Fine-scale taxonomic composition shifts across time. Fine-scale compositional changes 
of halite communities over time shown with (A) hierarchical clustering (correlation metric) of an 
Unweighted Unifrac dissimilarity matrix (based on 16S rRNA gene amplicon sequencing), (B) 
hierarchical clustering (Euclidean metric) of standardized MAG abundances, (C) PCA of co-
assembly contig abundances, and (D) weighted distributions of taxonomic turnover (TTI) of 
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functional niches between time points. The TTI of each functional category estimates the changes 
in organisms that encode it (see Methods). 
 
The rain disrupted taxonomic membership of potential functional niches 
To investigate the basis of the functional potential shift of the halite community after the rain, we 
introduced a taxonomic turnover index (TTI), which quantifies the turnover of strains (estimated 
from contigs) contributing to each community function. To compute the TTI, genes from each 
KEGG Orthology identifier were catalogued and their abundances in each sample estimated from 
the read coverage of the contig that they were on. The absolute value average of the change in 
contig abundances that carry a given function between two samples represents the degree of 
taxonomic turnover within that functional category (see Methods). A relatively high TTI for a 
given community function indicates that it is carried by different community members between 
two samples, but does not necessarily imply a high net change in its total abundance in the 
samples. Therefore, the distribution in TTIs for all functions between two time-points quantifies 
changes in niche representation over that time (Fig. 5.4D). However, because these results are 
based solely on functional potential prediction from gene abundances, it should be noted that our 
estimations of the functional landscape could be significantly altered by compensatory 
transcriptional and translational processed, and functional rates. The turnover following the rain 
(2015 to 2016) was significantly higher than the baseline taxonomic shift prior to the rain (2014 
to 2015; KS 2-sample test: p<0.0001), indicating that the same functional pathways were being 
carried on a different set of contigs. However, the shift in functional niche membership during 
the recovery phase (2016 to 2017) was low compared to the post-rain shift, indicating that the 
taxonomic membership did not return to its initial state. These findings indicate that functional 
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redundancy of community members ensured a robust functional landscape in the halite microbial 
communities despite changes in the fine-scale taxonomic membership. Interestingly, this shift 
did not notably affect the overall functional diversity of the samples, as seen from lack of a 
significant difference between the total number of unique gene functions found in each time-





 The response and recovery of the halite microbiome, a sensitive extremophile ecosystem, 
provided the opportunity to characterize the response dynamics of a natural community to 
changing environmental conditions. While low sampling frequency limits the temporal 
resolution of this study, our evidence suggests that the 2015 rainfall required major adaptations 
in the extreme halophiles found within the halite nodules of Salar Grande. The shift in the 
observed taxonomic composition following the rain was noteworthy not only in the context of 
this study but also when comparing with previous studies of this area in 2013 (Crits-Christoph et 
al., 2016a). The surviving community was comprised of organisms with higher average 
isoelectric points (pI) of their predicted proteins and lower potassium uptake potential. This was 
significant because high potassium uptake is a strategy used by salt-in strategists to balance high 
external salt concentrations, while the low pI of their proteome allows them to function in the 
high-potassium intracellular environment (Paul et al., 2008; Oren, 2013). Our reported average 
isoelectric points for the two dominant salt-in strategists in this system – 5.80 (Bacteroidetes) 
and 5.04 (Halobacteria) – were similar to those previously documented for these taxa – 5.92 and 
5.03, respectively (Mongodin et al., 2005). It is also well documented that acid-shifted proteomes 
is also an adaptation in salt-in strategists to increasing salt in the environments (Kiraga et al., 
2007; Elevi Bardavid and Oren, 2012). The changes in pI and potassium uptake potential we 
observed after the rain suggest that the rain temporarily decreased the salt concentrations within 
the colonized pores (Davila et al., 2015a; Finstad et al., 2016), rapidly changing the osmotic 
conditions within. We hypothesize that this led to a mass death event of organisms poorly 
adapted to large osmotic changes immediately following the rain, while giving others an 
advantage.  
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 The taxonomic shifts at the contig level were likely driven by neutral (i.e. random) 
processes (Hubbell, 2001; Li and Ma, 2016) resulting from the halite re-colonization, rather than 
deterministic processes associated with adaptation to the rain. These stochastic dynamics, similar 
to those governing the initial colonization of halite nodules, resulted in high inter-nodule 
taxonomic diversity (Finstad et al., 2017) while the functional states remained. We suggest that 
each nodule was stochastically colonized by random draw, from the seed bank, of competitively 
equivalent organisms. A seed bank is a diverse genetic reservoir consisting of a large collection 
of low-abundance organisms (Lennon and Jones, 2011; Shade et al., 2012) that might be critical 
for microbiome functioning, particularly following prolonged unchanging environmental 
conditions such as the past 13 years prior to the rain in northern Atacama. Seed banks conserve 
genetic and functional diversity, which in turn allows for rapid adaptation and restructuring of 
the microbial community following a drastic perturbation. 
 While our methods cannot differentiate the DNA of living organisms from relic DNA 
present in the halite nodule (Schulze-Makuch et al., 2018), it is unlikely that the observed 
compositional shift after the rain was an artifact of relic DNA turnover. Indeed, it is improbable 
that the 24.2mm of rain was sufficient to wash away relic DNA from within the nodules. 
Similarly, the rain itself was probably not a major contributor to the sequenced DNA since we 
did not detect non-halophilic organisms that are likely to be found in atmospheric microbiomes 
(Caliz et al., 2018).  
 The halite microbiome was able to recover from this catastrophic event, however, the 
effects of the perturbation lasted remarkably long (months), in contrast with studies in other 
desert systems where much quicker recoveries were documented (weeks) (Armstrong et al., 
2016). The higher temporal resolution in the time series at additional sampling Site 2 especially 
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highlights the slow-growing nature of these extremophiles and suggests that the immediate 
effects of the rain on the halite community may have been even more dramatic than what we 
observed 3-months post-rain (Ziolkowski et al., 2013; Crits-Christoph et al., 2016a). Fifteen 
months post-rain, the community was comprised of an entirely new set of organisms but its 
functional potential recovered to a pre-rain state, suggesting that the community taxonomic 
structure entered an alternative equilibrium state during the recovery period (Scheffer et al., 
2001; Allison and Martiny, 2008). The functional consistency of a community, disconnected 
from taxonomic variance, has previously been documented in a variety of microbiomes and 
stems from functional redundancy of closely related taxa (Lozupone et al., 2012; Nie et al., 2016; 
Goldford et al., 2017; Eng and Borenstein, 2018). In particular, isolated microbiomes such as 
miniature aquatic ecosystems found in bromeliad rosettes (similarly isolated as the halite 
nodules) appear to converge on identical functional landscapes through mechanisms such as 
stoichiometric balancing between metabolic pathways, despite great inter-community taxonomic 
diversity (Louca et al., 2016; Louca et al., 2018).  
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Fig. 5.5. Microbial community resilience model. Models of a microbiome adapting its functional 
potential in response to changing environmental conditions either with (A) a rapid shift of the 
community’s taxonomic composition resulting from new organisms from the seed bank 
displacing previously dominant taxa through niche intrusion (as seen in the initial shock from 
the rainfall), or with (B) a gradual adjustment in relative abundance of major taxa (as seen in 
the halite community recovery). On the y-axis, the vertical spread represents the abundance of a 
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given taxon (A through H) and on the x-axis, darker colored bars show which functional 
category is encoded in their genomes. The seedbank (black bars) represents rare taxa in the 
community. The functional landscape curves at the top of each figure visualize the relative total 
abundance of each functional category, calculated by adding the abundances of the organisms 
that carry that function. Taxonomic turnover (TTI) rates were calculated for each model 
community in (A) and (B). 
 
 The pre-rain (2014) and recovered (2017) communities were very similar in terms of 
their functionally potential, while the intermediate state (2016) was very distinct (Fig. 5.2C, D). 
Therefore, the two compositional shifts that the halite microbiomes underwent following the rain 
– the initial response (2015-2016) and subsequent recovery (2016-2017) – resulted in a similar 
magnitude of change to the overall functional potential of the community. Taxonomically 
however, the two shifts were fundamentally distinct, as the individual taxa membership was 
drastically changed during the initial response to the rain but stayed unchanged during the 
recovery (Fig. 5.4B, C).  
 The two different mechanisms by which the halite communities achieved almost identical 
net change in their functional potential as they entered and then exited their intermediate state 
(Allison and Martiny, 2008; Armstrong et al., 2016) offered a uniquely detailed view of 
microbial adaptation dynamics. These two types responses, or modes, allowed for inference of a 
general microbiome adaptation model, which can be potentially applied to explain and predict 
the taxonomic and functional flux in other ecosystems following major environmental changes 
(Fig. 5.5). The first mode (Type I; Fig. 5.5A) is a community shift, resulting from adaptations to 
an acute major perturbation. In the halite nodules, the rain presented a major stress on the pre-
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existing communities by temporarily lowering external osmotic conditions and exerting a strong 
selective pressure on the salt-in strategists. This produced gaps in existing functional niches and 
presented an opportunity for new organisms from the seed bank to come in through niche 
intrusion (Modi et al., 2014). The Type I shift is driven by neutral (random) processes 
characterized by changes in fine-scale (i.e. strains) taxonomic composition, which results in a 
high taxonomic turnover index (TTI=0.89±0.12 in the model).  
 The second mode (Type II; Fig. 5.5B) is an adjustment in existing community structure, 
and results from gradual changes in environmental conditions. After the rain passed and the 
osmotic conditions within the halite nodules returned to their initial levels, the halite community 
gradually returned to its previous functional potential. However, because there were no major 
stress events to reset the strain composition of the communities, the newly dominant strains 
remained relatively unchanged during the recovery period. Instead, the functional potential of the 
community is achieved through gradual changes in relative abundances of major taxa (Fig. 5.2, 
5.S4, 5.S5), the strain composition of which remained unchanged. The taxonomic mechanism 
behind the Type II response is relatively deterministic, as the relative abundances of currently 
dominant taxa is adjusted based on fitness under the new selective pressures, preventing new 
organisms to take over. As a result, the strain composition of these major taxa remain largely 
unchanged, resulting in a low taxonomic turnover index (TTI=0.28±0.17 in the model). In the 
halite microbiome, the Type I and a Type II shifts occurred in succession, leading the community 
first through an unstable intermediate state and then into an alternate equilibrium state (Scheffer 
et al., 2001). This intermediate dis-equilibrium intermediate has been reported in a number of 
communities after disaster events (Rodriguez et al., 2015) or antibiotic administration (Sommer 
and Dantas, 2011; Modi et al., 2014), but until now was difficult to investigate closely in natural 
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ecosystems because of compounding complexity and fast microbial growth rates (Scheffer et al., 
2001; Shade et al., 2012). We postulate that Type I and Type II shifts observed in our model 
microbiome are integral to analogous structural rearrangement in other systems.  
 It is important to note that Type I and Type II functional shifts do not necessarily follow 
one another. If the initial environmental conditions are not re-established after a perturbation, 
such as after a permanent introduction of irrigation to desiccated soils, a Type I shift will most 
likely be the main mechanism for community adaptation, driven by the changes in environmental 
conditions. Alternatively, in systems where environmental conditions shift gradually, such as 
aquatic microbiomes during seasonal changes, Type II shifts will likely drive the changes in the 
community’s functional potential. We propose that TTI measurements of such shifts may be 





 In conclusion, the tractable nature of our model microbiome allowed us to extrapolate 
general mechanisms of community response and resilience to acute shock. We demonstrated that 
a major disturbance can result in stochastic re-population of the community’s functional niches, 
forcing a microbial community structure into an unstable intermediate. During the succeeding 
recovery period, the newly dominant taxa adjust in abundance to reproduce the initial functional 
potential, allowing the community to enter an alternative equilibrium. Understanding the 
mechanisms behind the response and recovery components of microbial perturbation responses 
are vital to generally model and predict the taxonomic and functional flux of ecosystems 
following natural and man-made ecological disasters. Our proposed characterization and 
quantitation of two types of community shifts and our two-step model for community resilience 
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Fig. 5.S1. Salar Grande landscape and halite nodules. (A) Aerial view of the evaporitic basin of 
Salar Grande, 5 km wide and 45 km long (N-S direction). (B) Halite nodules (salt rocks) 20 to 50 





Fig. 5.S2. Regional climate data from the Diego Aracena International Airport weather station, 
40km North-West of Salar Grande. The maximum (red) and minimum (blue) temperature (A) 
and relative humidity (B) values, and total daily precipitation (C), are plotted for each date along 
the x-axis. Colors denote the year (2014-2017), x-ticks denote months, black arrows show the 




Fig. 5.S3. Taxonomic composition of halite nodules from Site 1 over time inferred from 16S 
rRNA gene sequences clustered into OTUs at 97% identity and visualized through (A-D) relative 
abundance of the dominant phyla (Chloroplast was used as a proxy for Chlorophyta and 
Halobacteria was the only class of Euyarchaeota) whose abundance significantly shifted after the 
rain and a (E) PCoA plot of a Weighted Unifrac dissimilarity matrix comparing taxonomic 
composition. Error bars represent standard deviation; significance bars represent group 




Fig. 5.S4. Taxonomic composition of halite nodules harvested post-rain from Site 2 over time, 
inferred from 16S rRNA gene sequences clustered into OTUs at 97% identity and visualized 
through (A) relative abundance of Archaea, and (B) PCoA projection of the Weighted Unifrac 
dissimilarity matrix. Error bars represent standard deviation; significance bars represent group 
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significance based on a two tail t-test, and stars denote the p-value thresholds (*=0.01, **=0.001, 
***=0.0001). 
 
Fig. 5.S5. Taxonomic composition of halite nodules harvested post-rain from Site 2 over time, 
inferred from 16S rRNA gene sequences clustered into OTUs at 97% identity and visualized 
through the relative abundance of dominant phyla (Chloroplast was used as a proxy for 
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Chlorophyta and Halobacteria was the only class of Euyarchaeota) (A-D) Error bars represent 
standard deviation; significance bars represent group significance based on a two tail t-test, and 




Fig. 5.S6. Hierarchical clustering (Euclidean metric) of relative abundances (fragments per 
million) of contigs > 5kbp in the WMG co-assembly, quantified with reads from samples 
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harvested at different dates and displayed on (A) a log scale and (B) standardized to the 
maximum abundance of each contig.  
 
Fig. 5.S7. Hierarchical clustering (Euclidean metric) of photosynthetic MAG relative abundances 
(fragments per million), quantified with metaWRAP’s quant_bins module, showing the 



























Jun-15 9 5 
8-Feb-16 19 5 











11-Jul-16 5 NA 
20-Oct-16 12 NA 











Table 5.S1. Description of sampling locations, dates, and replicate counts of biological samples 





CHAPTER 6: Environmental factors contributing to spatial 
diversity in desert halophile microbial community 
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Spatial heterogeneity in microbial communities has been observed in all natural ecosystems and 
can stem from both deterministic differences in environmental conditions as well as stochastic 
processes. Extremophile microbial communities living inside evaporitic halite nodules (salt 
rocks) in the Atacama Desert, Chile, are a good model ecosystem for investigating factors 
leading to microbiome heterogeneity, due to their diverse taxonomic composition and the spatial 
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segregation of individual nodules. In a salar-wide sampling effort, we investigated the 
environmental factors governing halite microbiome composition across different scales of 
diversity and distance. Our sampling scheme allowed for the identification of factors that govern 
halite colonization at regional desert-wide scales, as well as local micro-niche specific scales 
within individual rocks. We found that while water availability and community drift both govern 
microbiome assembly at the larger scales, an internal light availability gradient is most important 
at local intra-nodule scales, where cell dispersion is not as limited. We also report that the 
biomass distribution within the nodules is unexpectedly random, despite a consistent relative 





Understanding the relationship between environment factors and the composition of 
natural microbial communities is the first step to being able to make robust predictions of 
microbiome dynamics (Green et al., 2008). Factors that are limiting for survival in a given 
environment will have the largest impact on community assembly (Goldford et al., 2018; Zhao et 
al., 2019). Many microbial communities are metabolite-limited, meaning the ability to utilize the 
available carbon sources is the strongest force of microbial selection (Mello et al., 2016). In more 
extreme environments, however, simpler factors such as water availability and salinity can 
become more important (Frossard et al., 2015; Armstrong et al., 2016; Merino et al., 2019), 
making such systems good models for investigating processes influencing microbial community 
assembly (Schmid et al., 2020). In desert ecosystems, in particular, water has been identified as 
the core deterministic driving factor for microbial community assembly (Crits-Christoph et al., 
2013; Merino et al., 2019; Uritskiy et al., 2019b), however few studies compared the relative 
contributions of deterministic and stochastic factors to the community assembly at smaller 
distance scales (Caruso et al., 2011; Feeser et al., 2018). Comparative microbiome studies in the 
Atacama Desert, Chile, provide valuable insight into this relationship thanks to extreme humidity 
swings during the diel cycles, and a prominent humidity gradient along the length of the deserts 
(Cáceres et al., 2007). In particular, microbial communities living inside halite formations (salt 
rocks) make for a good model for studying microbial community assembly principles due to their 
diverse taxonomic composition and spatial segregation (Wierzchos et al., 2006; Davila et al., 
2015b). Isolated under the surface of individual halite nodules, these diverse communities 
develop largely independently from one another due to minimal exchange of biomass and 
nutrients, allowing us to glean insight into both stochastic and deterministic elements of 
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microbial community structure (Crits-Christoph et al., 2016a; Uritskiy et al., 2019b). Despite an 
average annual precipitation of less than 1 mm, microbial life in these microbiomes evolved to 
survive on the humidity from the air (Davila et al., 2015b; Wierzchos et al., 2015). Living at the 
dry limit for life causes their composition to be particularly sensitive to minor changes in the 
environment, making them a compelling model to investigate the early effects of climate change 
on microbiome composition and function (Uritskiy et al., 2019b).  
The deliquescent properties of salt allow it to draw on the moisture from the air when the 
humidity rises above 75% RH, which produces small amounts of liquid water in the interior of 
the halite nodules (Wierzchos et al., 2012). The proximity of the ocean and the presence of 
unique wind patterns result in extreme relative humidity swings during the diel cycle – from 30% 
during the day to 90% during the night (Cereceda et al., 2008; Finstad et al., 2016). As the halite 
nodules dehydrate during the day, capillary action moves more brine toward the surface, 
resulting in an overall displacement of the salt, as well as moving organic molecules and possibly 
even live cells (Davila et al., 2008; Davila et al., 2013).  
Because of the saturated salt conditions, the halite microbial communities are comprised 
entirely of highly adapted halophiles (Robinson et al., 2015; Crits-Christoph et al., 2016a; 
Finstad et al., 2017). The two dominant heterotrophic taxa found in this community are 
halophilic Halobacteria (a Euryarcaheota) and a Salinibacter (a Bacteroidetes). These 
halophiles are salt-in strategists, meaning they selectively import potassium ions to counteract 
the external osmotic pressure from sodium ions (Oren, 2008; Gunde-Cimerman et al., 2018). 
Other heterotrophs in the community include halophilic Proteobacteria, Actinobacteria, and 
Nanohaloarchaea – an ectoparasite of Halobacteria (Crits-Christoph et al., 2016a; Hamm et al., 
2019). The biologically available carbon in the community is fixed by several species of 
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Cyanobacteria and a single green alga (Finstad et al., 2017; Uritskiy et al., 2019a). Previous 
characterization of the community metatranscriptome revealed that all of these major community 
members are transcriptionally active (Uritskiy et al., 2019a; Gelsinger et al., 2020), with 
photosynthesis and carbon fixation being highly prioritized in the transcriptomes of the 
phototrophs. Additionally, Halobacteria prioritized the transcription of bactereorhodopsins – 
modified rhodopsins that in the presence of light can be used by this taxon to create a proton 
gradient and thus generate supplementary ATP (Oren, 2014b; Seyedkarimi et al., 2015). 
Previous research into halite microbial community heterogeneity found that changes in 
the composition of the halite microbiomes over regional distance scales (tens of kilometers) were 
linked to atmospheric relative humidity (Robinson et al., 2015; Finstad et al., 2017). 
Additionally, the fine-scale (strain-level) composition of microbial communities was more 
similar in halite nodules next to each other than between different sites, suggesting that strain 
dispersal rates also shape the community composition in this environment (Finstad et al., 2017). 
Our study builds on these findings by focusing on smaller local distance scales by investigating 
the deterministic and stochastic forces influencing halite microbial community at the meter and 
even centimeter distance scales. Our observations of metadata and community structure across 
regional and local scales of diversity allowed us to characterize the impact of water availability 
on microbial community composition and diversity at larger scales, and light availability on the 
phototroph populations at intra-nodule sales. 
 
 




Sampling scheme and scales of diversity 
Regional distance scales were investigated by sampling the North and the South ends of Salar 
Grande (Supp. Data 6.1). Samples were taken from 500m2 areas at each end of the salar (Supp. 
Data 6.1), with 39 samples from the North site and 46 samples from the South site. The North 
and South regions were 19km apart and were at a similar distance to the Pacific Ocean (11.6km 
for the North site and 9.9km for South site). However, the height of the Costal Mountain Range 
separating the salar from the Ocean was significantly different, with 450m-804m above salar 
level in the North and 58m-205m above salar level in the South. A hill at the North location was 
used for comparing halite microbiome composition at landscape distance scales. The hill had 
32m of elevation gain over 330m. On Feb 2, 2016, 19 samples were collected from the top of the 
hill, and 12 from the bottom. In both sampling locations, nodules were collected in 20m2 regions. 
For the local distance scale, we performed a more detailed sampling of 6 halite nodules in a 10m2 
area at the top of the North hill on Feb 20, 2018. Nodules were vertically sliced three times 
roughly separating them into three pieces. In each slice, the top, middle, and bottom sampling 
location were determined by selecting three equidistant positions along the vertical axis.  
Due to the high number of samples, we harvested nodules for the different spatial scales on 
different dates (Supp. Data 6.1), however, all direct comparisons were performed between 
samples collected at the same scale and on the same date. 
 
Sample collection and DNA extraction 
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Halite nodules (salt rocks 20-30 cm in size) were harvested in Salar Grande, a salar located in the 
Northern part of the Atacama Desert, Chile (Supp. Data 6.1). For the regional distance scales, 
broad regions (~500m2) were sampled along transects in the North and South ends of the salar. 
For landscape scales, halite nodules were harvested within 50m3 areas at the top and bottom of a 
hill in the North locale. For inter-nodule and intra-nodule comparisons in the local distance 
scales, halite nodules were harvested in a 50m2 are at the top of the North hill (Fig. 6.1). Halite 
nodules were harvested by breaking them open with a sterilized hammer, and collecting 
colonized pieces (1-10cm across) from the center of the nodules in sterile whirl packs. These 
pieces were stored in dark in dry conditions until for up to 8 weeks, until further processing. 




Onset HOBO Microweather Station Data Logger with RH/T sensors were deployed for one year 
months to record relative humidity (RH) and temperature (T) in the air and inside halite nodules 
at the sampled locations. The data loggers were set to record measurements every hour. For air 
measurements, the probes were installed 1 meter above the ground. For internal measurements, 
probes were installed in the top, center, and bottom of the halite by drilling holes in close 
proximity to the desired position, inserting the probe, and sealing the hole back with a 
commercial resin.  
 
Light transmission measurements 
Light transmission in the top, middle and bottom of halite nodules was measured with an Ocean 
Optics Flame-S-XR1 spectrometer (Ocean Optics, Largo, FL) with a range of 220-1025 nm and 
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equipped with a 25µm slit and a 600 µm optical fiber probe, as previously reported (Meslier et 
al., 2018). In short, halite nodules were placed under controlled lighting conditions with a broad-
spectrum 500 W halogen lamp 44 cm above the nodule as the only source of illumination. The 
optical fiber probe, equipped with a cosine corrector to homogenize the fiber optic cable’s 
angular response, was inserted into a tight hole drilled in the underside of the halite nodule to the 
desired distance from the top. The relative effective light transmission at each wavelength was 
estimated by dividing each measurement to the respective intensity measured from the unfiltered 
light source (the broad-spectrum lamp). The lamp’s spectrum was measured and used for 
normalization of the data to obtain the effective transmission inside the halite, thus nullifying any 
major differences between the spectra from the lamp and the sun. Only 500nm – 900nm 
wavelengths were considered. To account for inter-halite variability in the comparison of light 
transmittance to the top and middle positions of the halite nodules, the light transmittance 
measurements were standardized to the mean of the “top” measurements made in all three 
nodules. For the bottom positions within the nodules, we found that our direct transmission 
measurements in the lab could not reproduce realistic conditions from the desert, as light in the 
field scattered around and even underneath the halite nodules. 
 
DNA extraction 
Colonized halite pieces were ground into fine powder as previously described (Robinson et al., 
2015). For intra-halite sampling, six intact nodules were vertically sliced with a mechanical saw, 
exposing the colonization areas within. The interiors of the nodules were scraped with a sterile 
knife to obtain sufficient material (2 g), and the distance to the nodule’s surface was recorded 
(Fig. 6.1D). Cells were extracted from the ground halite powder as previously described 
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(Robinson et al., 2015; Uritskiy et al., 2019b) and the DNAeasy Powersoil DNA extraction kit 
(QIAGEN) was used to extract gDNA from the resulting cell pellet. 
 
DAPI cell count  
Total biomass in halite samples was estimated by fluorescence microscopy cell counting using 
0.5g of ground halite  (Kepner and Pratt, 1994). The halite powder was gradually dissolved in a 
solution of 20% NaCl, 1% TWEEN. The solution was gently shaken for 30 minutes to break cell 
clumps and DAPI was added to a total concentration of 0.5g/ml. After a 10-min incubation, 
2ml of the solution was filtered on a 25mm wide black polycarbonate filter (3 filter replicates in 
total). Filter were imaged using a DAPI (blue) fluorescent light filter at 400X magnification on a 
Zeiss Imager.A1 microscope with a X-Site series 120 fluorescence lamp illuminator. For each 
membrane, 5 images were taken with a Zeiss AxioCam MRm black-and-white camera (15 images 
total for each halite sample; minimum FOV cell count was 35 and the mean was 364). The total 
number of visible cells was counted in each image using an automate CellProfiler v2.1 pipeline, 
in which the CorrectIlluminationCalculate function was used to normalize the background light 
levels, and IdentifyPrimaryObjects function was used to find and count unique nuclei (see Supp. 
Data 6.2 for parameters). The number of cells per gram of halite was calculated from the number 
of cells in each image and taking into account the eFOV of the camera at that magnification 
(0.203mm2), the total area of the filter (226.98mm2), and the amount of halite powder. To get a 
more robust cell count estimate in each biological replicate, 3 technical replicates were 
performed for each sample, and 5 fields of view were counted per technical replicate.  
Among the 15 cell count replicates for each biological replicate, replicates with estimates outside 
of 2 standard deviations of the mean were discarded.  
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16S rRNA amplicon library preparation and sequencing 
The 16S rRNA gene was amplified from gDNA using a 2-step amplification and barcoding PCR 
strategy, and primers 515F and 926R primers for the  hypervariable V3-V4 region, as previously 
described (Needham and Fuhrman, 2016; Uritskiy et al., 2019b). PCR was done with the Phusion 
High-Fidelity PCR kit (New England BioLabs), the barcoded amplicons were quantified with the 
Qubit dsDNA HS Assay Kit (Invitrogen), pooled, and sequenced on the Illumina MiSeq platform 
with 250 bp paired-end reads at the Johns Hopkins Genetic Resources Core Facility (GRCF). 
 
16S rRNA gene amplicon sequence variant pre-processing 
The de-multiplexed and quality trimmed 16S rRNA gene amplicon reads from the sequencer 
were processed with Qiime2 2018.8.0 (Bolyen et al., 2019b). The three major comparison 
experiments (regional, landscape, and local distance scales) were processed independently. 
Dada2 (Callahan et al., 2016) was used to call amplicon sequence variants (ASVs) using only the 
forward reads of the amplicon data (options: --denoise-single, --p-trunc-len 230 --p-chimera-
method consensus). Alignment mafft was used to create a multiple alignment of ASV sequences 
and phylogeny fasttree was used to construct the phylogeny tree. The sampling depth used for 
the core-metrics-phylogenetic generation was chosen independently in each experiment based on 
the sample with the lowest read coverage. For ASV taxonomy assignment, a feature-classifier 
was first built using the SILVA 16S rRNA gene v128 database (Quast et al., 2013) and the 
sequence of the 515F universal primer.  
 
Controls and replication 
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Three samples from the top of the hill at the North sampling site were extracted twice to estimate 
the dissimilarity between biological replicates collected from the same original halite nodule 
powder sample. The corresponding six sequencing libraries were processed and sequenced the 
same way as the other samples in this study but sequenced on a separate run. Qiime2 beta-
diversity estimation was used to estimate the average Weighted Unifrac dissimilarity between 
biological replicates: 0.105 +/- 0.015. 
 
Statistical comparisons of community compositions at different sites 
All comparisons between sites were made with built-in statistical packages within Qiime2 
2018.8.0 (Bolyen et al., 2019a). Alpha and beta-diversity metrics were calculated for each 
distance scale experiment by using the core-metrics-phylogenetic command. Alpha diversity 
between different sample groups was compared with the alpha-group-significance with both the 
_PD and Evenness diversity metrics, and the significance between beta diversity between sites 
was computed with the beta-group-significance command using the Weighted Unifrac 
dissimilarity matrices (Tucker et al., 2017). The PCoA projection of the Weighted Unifrac 
dissimilarity matrices was also imported into custom visualization scripts. Enrichment for 
specific taxa at each taxonomic rank was tested using the ANCOM statistical enrichment test 
(Mandal et al., 2015). The taxonomy of each ASV was estimated with the classify-sklearn 
command using a custom classifier (as described above), and the relative abundance of major 
taxonomic groups was imported into custom scripts for plotting and statistical analysis. 
Differential abundance significance of each taxon was tested using an independent two-sided T-
test. For the intra-halite sample comparison, the relative abundances were also standardized to 
account for high inter-nodule and inter-slice variability. The relative abundance of each taxon in 
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each sample was standardized to its average relative abundance in that slice. The correlation of 
these normalized abundances with the distance to the nodule surface was calculated with a paired 
sample two-sided T-test and fitted to a non-parametric regression with the SpatialAverage 




Sampling scheme for investigating different scales of diversity 
We conducted a robust sampling survey of halite nodules in Salar Grande, located in the 
Atacama Desert, Chile. The community composition and structure were interrogated across four 
spatial scales – ranging from major regions of the salar to micro-niches present within a single 
halite nodule (Table 6.1; Fig. 6.1). Regional distance scales were investigated by sampling the 
North and the South ends of Salar Grande (Fig. 6.1A). The landscape distance scale was 
investigated along a hill at the North location, which had a 32m of elevation gain over 330m 
(Fig. 6.1B). For the local distance scales, we performed a more detailed sampling of 6 halite 
nodules at the top of the North hill (Fig. 6.1C,D).  
 
Table 6.1: Overview of the study design. 
Scale Distances Distances Condition differences 
Regional North and South sides 
of the salar 
~20km Microbiomes subject to different climate 
regimes 
Landscape Top and bottom of a 
hill  
~300m Microbiomes subject to slightly different 
local climates 
Local Inter-halite differences 
at the same site 
~10m Microbiomes in segregated and structurally 
unique nodules 
Community Intra-halite differences 
in the same nodule 
~10cm Micro-niches in the same halite, with 





Fig. 6.1: (A) Google Earth view of the Salar Grande with the North and South sampling regions. 
(B) Drone image of the hill at the North site showing the sampling areas at the top and bottom of 
the hill (photo by Mathias Meier). (C) Halite nodules at the top of the North hill. (D) Cross-
section of a halite nodule with the locations of samples taken from the top, middle and bottom of 
the nodule with respect to its original orientation in the field. 
 
Differences in temperature, relative humidity, and light availability across the scales 
 Environmental patterns in the North and South sites were significantly different. During 
the tested time period the South site was consistently cooler (by 5.2°C on average; Fig. 6.S1A) 
and more humid (by 11% RH on average; Fig. 6.S1B) than the North. These differences were 
minimal during the night and early morning. After coastal winds picked up around noon 
(personal observation), the differences in T and RH began to be increase, with the greatest 
differences at ~ 2 pm, when differences as high as 7 ºC and 15% for T and RH, respectively. The 
differences in RH also meant that the halite nodules at South site spent more time in conditions 
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permitting for re-hydration via deliquescence (which occurs in salt at atmospheric RH above 
75%). On average, nodules in the North site had 10.0 hours above the deliquescence point, while 
nodules in the South site had 12.9 hours (Fig 6.S1C). The differences in climate conditions at the 
hilltop and hill bottom at the North location were smaller than those between the North and the 
South. The hilltop was cooler (2-3 º; Fig. 6.S1D) and more humid (3-7%; Fig 6.S1E) during the 
morning hours, resulting in the top location receiving an average of 11.2 hours per day above the 
deliquescence point, compared to 10.0 hours at the bottom (Fig. 6.S1F). 
 The interior temperature of the halite closely tracked that of the outside air, with the 
temperatures near the surface of the halite sometimes reaching as high as 40 ºC (Fig. 6.2A-C).  
The RH inside the halite nodule was notably higher than the surrounding air (Fig. 6.2D-E), 
particularly during the day, when the atmospheric RH dropped significantly to as low as 20%, 
while the internal nodule RH never dropped below 75%. These results were reproducible across 
3 replicate halite nodules measured at the North location. These internal nodule condition 
measurements were recorded one year after the intra-nodule sampling took place, however, the 
atmospheric temperature and RH conditions were very similar between the two years (Fig. 6.S2). 
 A fiber optic spectrometer was used to measure spectra transmission at the top and 
middle positions within the halite nodules. In all three tested nodules, we found that the center 
positions received less than 10% of the light available at the top positions (Fig. 6.S3). This 
difference was even greater in the primary excitation wavelength of chlorophyll a (680nm), with 





Fig. 6.2: Daily average over a year (March 25, 2019 to March 11, 2020) of temperature (A, B, C) 
and relative humidity (D, E, F) at North-Top sampling location inside three halite nodules 
(columns). Data were collected with separate HOBO sensors 1m above the ground (“Air”) or 
sealed inside a halite nodule near the top, middle, and bottom of the nodule. Highlight lines 
represent non-parametric polynomial kernel regression (q=6) with pyqt_fit.  
 
Biomass distribution inside halite nodules 
 As an estimate for total biomass, the cell count per gram of substrate was estimated for 
some of the samples coming from the top, middle, and bottom positions of their respective 
nodule. Each nodule was sliced vertically in three locations, and the top, middle, and bottom 
(approximately equidistant) positions in each slice were sampled. We found a great degree of 
biomass variability between halite nodules, as well as between slices from the same nodule (Fig. 
6.S4). To account for this variations in biomass between slices, the average cell count estimates 
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of each biological replicate were standardized to the maximum value in that slice (Fig. 6.S5). 
Doing so revealed that there was no position in the nodules that had predictably higher or lower 
biomass. Out of the 12 slices interrogated, 2 had the highest biomass at the top, 4 at the middle, 
and 6 at the bottom.  
 
Microbial community structure diversity across different distance scales 
 One way to compare microbial community composition between sampling sites is to 
cluster 16S rRNA gene sequences at the amplicon sequence variant (ASV) level and then 
compare each pair of samples with the Weighted Unifrac dissimilarity index, which measures the 
dissimilarity in ASV composition while accounting for ASV phylogenetic similarity. This 
dissimilarity matrix was then used to compute differences between sampling locations for all 
spatial scales. At the regional (North vs. South) and landscape (North-top vs North-bottom) 
distance scales, we found the microbial community composition to be significantly different 
between sites (PERMANOVA: pval < 0.001; Fig. 6.3A, B). We also found that the average inter-
sample dissimilarity between the North and the South was higher than that between North-top 
and North-bottom (0.96 and 0.91, respectively; Student’s T-test, pval<0.001). 
  
A closer look inside neighboring nodules at the North-top sampling site revealed 
substantial diversity in microbial community composition inside the nodules (Fig. 6.3, 6.S6). 
Collected samples differed significantly between nodules, between slices, and between the top, 
middle, and bottom positions of different nodules (PERMANOVA: pval<0.01). While these 
differences were significant, principal coordinate analysis showed these samples only weakly 
separated along the first and second principal components by nodule and slice identifiers (Fig. 
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6.S6). The top-middle-bottom spatial separation was only evident along the third and fourth 
principal components (Fig. 6.3C,D). The first and second principal components explained a 
much greater degree of inter-sample variability (49% and 11%) compared to that of the third and 
fourth components (7% and 6%), suggesting that more differential ASV features were linked to 




Fig. 6.3: PCoA of Weighted Unifrac dissimilarity matrix of 16S rDNA amplicon sequences, 
comparing community compositions in samples from different sampling locations. A: samples 
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from North and South sites (difference is significant, PERMANOVA: pval<0.001, test statistic= 
28.36). B: samples from North-top and North-bottom (difference is significant, PERMANOVA: 
pval= 0.001, test statistic= 22.5). C: samples from the top, middle, and bottom positions within 
the halite nodules (note that the scatterplot projections show the third and fourth principal 
components. D: same as C but colored by the sample’s distance to the nodule’s surface (distance 
in cm encoded in colormap). 
 
 
Differences in phyla relative abundances across the distance scales 
 To investigate the underlying reasons for the observed differences in microbial 
community structure between the sampled locations, we compared the relative abundance 
compositions at the phylum level. As previously reported, the 6 most abundant phyla in halite 
nodule microbial communities are Euryarchaeota (almost exclusively comprised of 
Halobacteria), Bacteroidetes (primarily Salinibacter), Cyanobacteria, Proteobacteria, 
Actinobacteria, Nanohaloacrchaea, and in some cases a green alga (Dolichomastix spp.) (Crits-
Christoph et al., 2016a; Uritskiy et al., 2019a). Focusing on these taxa, we found that the 
taxonomic compositions at the North and South sides of the salar differed significantly (Fig. 
6.4A, 6.S7A), despite the high composition variability introduced by sampling over broad areas 
of the salar (~500m2). On average, Euryarchaeota was more abundant at the North location, 
constituting the majority of the community. On the other hand, Chlorophyta and Proteobacteria 
were significantly more abundant at the South location and were almost absent in the North 
(Student T-tests, pval<0.0001). Unexpectedly, we found that the Chlorophyta (chloroplast) 16S 
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rRNA gene relative abundances in the South were nearly equal, and sometimes greater than that 
of Cyanobacteria. Evaluating taxon differences with the analysis of composition of microbiomes 
(ANCOM) enrichment test also revealed similar trends (Fig. 6.4A). ANCOM is a differential 
abundance method that aims to produce few false-positives by not making any assumptions 
about the distribution and structure of the underlying data. At the class level, Chlorophyta and 
Gammaproteobacteria were more abundant in the South (ANCOM W=20 and 18, respectively). 
Cyanobacteria, on the other hand, were significantly more abundant at the North location 
(ANCOM W=18). At the domain level, Archaea was significantly more relatively abundant in 
the North (ANCOM, W=2).  
 
 Comparing the relative taxonomic composition of halite microbial communities at the top 
and bottom of the North hill also revealed major differences in phyla abundances (Fig. 6.4B, 
6.S7B). These samples were collected within 50m2 areas at the top and bottom, so the inter-
replicate composition variability was notably lower. Cyanobacteria were relatively more 
abundant at the bottom of the hill than that top (Student T-test pval<0.001), while 
Euryarchaeota, Proteobacteria, and Actinobacteria were more abundant at the top (Student T-
test pval<0.0001). Chlorophyta chloroplast sequences were only detected at low abundances in a 
few samples. Evaluating taxa enrichment with the ANCOM significance test produced slightly 
different results than that from the T-tests on the total relative phyla abundances (Fig. 6.4B). 
Nanohaloarchaea, Proteobacteria, and Actinobacteria were found to be significantly more 
abundant at the top of the hill than the bottom (ANCOM W=6,9,8, respectively), and 
Cyanobacteria was more abundant at the bottom of the hill (ANCOM W=7). No significance in 




Fig. 6.4: Phylum-level taxonomy composition of halite communities from different locations. 
(A) North and South ends of the salar and (B) the top and bottom of the North hill. Relative 
abundances were estimated with the Qiime2 taxonomy assignment pipeline. Only the six most 
abundant phyla found in this community are shown. 
 
 240 
 Next, we investigated the diversity in phylum-level relative composition in different 
positions (top, middle, bottom) of the halite nodule interiors. Because of the high inter-nodule 
and inter-slice variability of the microbial community composition, the relative abundance of 
each taxon in each sample was standardized to its average relative abundance in that slice. This 
standardization resulted in a relative abundance average of 1 and highlighted differences in phyla 
spatial distribution along the top, middle, and bottom position of the nodules (Fig. 6.S8). We 
found that Euryarchaeota (constituted entirely of Halobacteria) was significantly more abundant 
at the bottom of the halite than the middle, while Bacteroidetes showed the reverse trend 
(Student’s T-test, pval<0.01; Fig. 6.5). However, the different magnitudes of these differences 
were small (<8% and <20%, respectively). Cyanobacteria were significantly and consistently 
more abundant by more than 80% at the tops of the nodules than the middles (Student’s T-test, 
pval<0.001). Actinobacteria, Nanohaloarchaea, and Proteobacteria were consistently most 
abundant in the middle of the halite nodules and less abundant at the top and bottom positions 
(Student’s T-test, pval<0.01). This preference for the center of the nodules resulted in a major 
increase in relative abundance at the center compared to the top and bottom positions – ~310% 
for Actinobacteria, ~70% for Nanohaloarchaea, and ~50% for Proteobacteria. Chlorophyta 
(chloroplast) sequences were only detected at low abundances is a few samples, and thus were 
not included in this analysis. 
 
 We also correlated the community composition to the distance of each sampling location 
to the surface of the nodule (top or bottom), which confirmed preferences of some taxa towards 
the nodule interior or exterior (Fig. 6.S8). Just as described above, the abundances of each taxon 
in each position were still standardized to their average abundance in each slice. The significance 
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of the positive and negative trends was evaluated with a Spearman correlation test as well as a 
two-sided paired T-test (pvalues<0.01). Similar to what was found in the categorical 
comparisons, Actinobacteria, Nanohaloarchaea, and Proteobacteria were significantly more 
abundant further away from the surface, reaching maximum relative abundances at 2-3cm away 
from the nodule surface. Cyanobacteria on the other hand, significantly decreased in relative 
abundance as the distance to the surface increased. Interestingly, both Euryarchaeota and 




Fig. 6.5: Relative abundance of major halite microbiome phyla inside the halite nodules at the 
top, middle and bottom positions within each sampled nodule slice. The relative abundances 
were standardized to the average abundance of that phyla in each slice. Chlorophyta (chloroplast) 
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sequences were only detected at low abundances is a few samples, and are not shown here. Bars 
above each phyla represent Student’s t-test significance, and the stars denote the associated p-
value (***: pval<0.0001, **: pval<0.001, *: pval<0.01). 
 
Water availability dictates community diversity 
 Next, we investigated the microbial alpha diversity between sampling locations to 
investigate the effects of environmental factors on community diversity. Comparing alpha 
diversity metrics across the regional and landscape scales of diversity at the ASV clustering level 
revealed that the phylogenetic diversity was generally higher in the more humid locations (Table 
6.S1). The samples taken from the South site had significantly higher Faith PD than those from 
the North (Kruskal-Wallis, pval<0.001), while the Simpson and Shannon diversity indexes were 
not significantly different. Samples from the top of the North hill were more diverse than those at 
the bottom in terms of Faith PD, Shannon, and Simpson alpha diversity indexes (Kruskal-Wallis, 
pval<0.01). Investigating the alpha diversity differences at the local distance scales (intra-halite) 
did not yield any significant differences with categorical tests, however, a paired statistical test 
revealed that the center position within the halite nodules generally had a higher taxonomic 
diversity than the top (two-sided paired t-test, pvav<0.01). The other position pairings did not 
show a significant difference in alpha diversity (Table 6.S2).  
 
 
Community structure is more similar in samples that are closer together 
 Inter-sample dissimilarity comparisons were also used to determine if samples collected 
farther apart (regional distance scales) were more dissimilar than those collected closer together 
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(smaller distance scales). Comparing average Weighted Unifrac dissimilarities between locations 
revealed that the average inter-sample dissimilarity was the highest at the largest distance scales, 
but became significantly smaller as samples became closer (Fig. 6.S9). Performing the same 
analysis by using the Bray-Curtis dissimilarity metric, which highlights raw community 
composition differences without considering inter-ASV phylogenetic similarity, revealed an even 
better resolved dissimilarity differences at the tested distance scales (Fig. 6.6). With this more 
sensitive metric, we found that samples coming from the same positions within the halite nodules 
(e.g. top positions of halite 1) were more similar than those coming from different positions 
(Student’s T-tests, pval<0.001). In general, the inter-sample dissimilarity had a significant 




Fig. 6.6: Bray-Curtis dissimilarity between microbial communities in halite samples from 
different sites, compared across different distance scales: ~3 cm (samples from the same nodule 
and position along the horizontal or vertical component), ~10 cm (samples from the same nodule 
at any internal position), ~10 m (samples from different nodules at North-top), ~300 m (North-
top vs North-bottom), and ~20 km (North vs South ends of the salar). Boxplots contain the 
dissimilarity between all possible inter-sample comparisons in the considered sample groups. 





 Our detailed sampling halite nodule community composition across varying distance 
scales allowed us to investigate the factors governing community assembly at each scale of 
diversity. Across all investigated distance scales, we found that the composition of halite 
microbial communities became more similar the closer they were in proximity to one another. 
This finding is consistent with a previous investigation of halite microbiomes diversity, where 
communities were more similar at the landscape distance scale compared to the regional distance 
scale (Finstad et al., 2017). A part of this trend could be explained by different degrees of 
dispersion limitation geographic isolation producing different community composition outcomes 
over time through stochastic composition fluctuations, a phenomenon called ecological drift 
(Nemergut et al., 2013; Evans et al., 2017). Contained in the rocks, the halite microbial 
communities have limited capacity to disperse, and increased distance makes this even less 
likely. The resulting community ecological drift is important to consider when looking at 
community composition differences, particularly at the regional distance scales, where these 
stochastic processes relating to randomized initial colonization from the seed bank (Finstad et al., 
2017) can be major driving factors for community assembly (Rocha, 2018). These factors likely 
become less important when considering the intra-nodule distance scales, however, as dispersion 
becomes less limited. 
We also found that deterministic factors may play a role in shaping these microbial 
communities. Our findings showed that relatively small changes in water availability have 
significant implications for microbial community structure inside halite nodules. Seemingly 
minor differences in air RH had significant impacts on the composition and diversity of 
microbial communities because these changes notably affected the amount of time the conditions 
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favored deliquescence in the halite nodule. Previous research on halite nodule community 
temporal dynamics demonstrated that the deliquescence of salt is tightly linked with the 
metabolic functions – namely photosynthesis – in the halite microbiomes (Davila et al., 2013). 
As such, the reliance of the halite microbiome on a specific air RH may have amplified the 
impact of minor differences in climate. Lack of dispersion between halite nodules coupled with 
local variations in environmental conditions appear to be sufficient to cause a divergence in 
community structure even at distance scales of ~1-10 m.  
 Investigating the difference in the relative abundance of the major halite 
microbiome phyla across longer distance scales revealed that Nanohaloarchaea, Proteobacteria, 
and Actinobacteria are generally more relatively abundant and diverse in locations with higher 
water availability. These taxa were also consistently more abundant in the nodule centers, which 
indirectly indicates that the nodule periphery has less favorable conditions for taxa requiring 
more consistent water availability. While dehydration events inside the nodules were not 
observed during the study, the RH in the periphery of the nodules can possibly drop below 75% 
during periods of prolonged dry conditions. Nanohaloarchaea, Proteobacteria, and 
Actinobacteria are extremophilic and capable of surviving long-term desiccation (Crits-
Christoph et al., 2016a), however, these heterotrophs are possibly less adapted to survive 
intermittent desiccation compared to the Halobacteria and Bacteroidetes, which were more 
consistently abundant and diverse across larger scales of diversity. The salt-in strategy 
Halobacteria and Bacteoidetes deploy is bio-energetically favorable compared to the adaptations 
of other halophiles (Oren, 2008; Siglioccolo et al., 2011) and could translate into a competitive 
advantage for surviving low water availability at saturated salt conditions. Nanohalobacteria are 
also salt-in strategists, however, they are also parasitic and rely strongly on their Halobacteria 
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hosts (Hamm et al., 2019). Their adaptations to this lifestyle include a small cell size and a 
compact and streamlined genome, both of which could result in giving up some desiccation 
adaptations (Narasingarao et al., 2012; Crits-Christoph et al., 2016a). This is consistent with a 
previous study investigating halite microbiome composition across major regions of the Atacama 
Desert, where Nanohaloarchaea was only consistently found in the more humid sampled 
locations (Finstad et al., 2017), and a longitudinal study, which showed that Nanohaloarchaea 
was less tolerant to osmotic stress from a rare rainfall than the other taxa (Uritskiy et al., 2019b).  
 Cyanobacteria is the only phylum that was more relatively abundant in dryer sites. This is 
consistent with previous research of regional-scale diversity in halite microbiomes, where 
Cyanobacteria were found to be more relatively abundant in dryer salars (Robinson et al., 2015). 
Inside the halite interior, Cyanobacteria particularly were more relatively abundant at the top of 
the nodules, which aligns with our light transmittance measurements inside the nodules, which 
showed that the tops of the nodules more light available for photosynthesis compared to the 
center. As the light traveled deeper into the nodule more, the light was diffracted by the salt, 
resulting in a significant reduction of light available for photosynthesis, particularly at the 680nm 
wavelength – the main absorbance wavelength for chlorophyll a. The other phototroph in halite 
microbiomes – green algae – have been characterized with metagenomics and 
metatranscriptomics in the North location (Uritskiy et al., 2019a), however, our amplicon-based 
methods detected very low abundances in this site. At the significantly more humid South 
sampling location, however, algae seem to be very abundant. Previous research on these algae 
has shown that their relative abundance correlates with fog events (Robinson et al., 2015) and 
also increases after rain events (Uritskiy et al., 2019b), making the increased water availability in 
the South a likely explanation. Halobacteria and Salinibacter  – are also able to utilize light 
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through modified rhodopsins, which they use as light-driven proton pumps to create a proton 
gradient between the intra- and extra-cellular environments to generate ATP. However, we were 
unable to detect a significant preference of these taxa towards the nodule surface or interior. 
Bacteriorhodopsin has a broad absorbance spectrum with a maximum at 570 nm (Yabushita and 
Kobayashi, 2009), which could allow Halobacteria and Salinibacter to possibly continue 
harvesting light without directly competing with Cyanobacteria. Microbial compartmentalization 
along the vertical axis in response to a light gradient has been well studied in microbial mats, 
where it was shown that phototrophic bacteria have a consistently higher relative abundance on 
the surface layers of the mats (Carreira et al., 2015; Nishida et al., 2018). 
 While ecological drift could explain some of the differences in the halite community 
structure, the consistent presence of certain phyla (particularly Proteobacteria) at the more humid 
locations across all the scales of diversity points to water availability being the major driving 
factor in community assembly. This is also supported by our observations of increased alpha 
diversity in the microbial communities at the more humid sampling sites at the regional distance 
scales. In past research, water availability has been linked to increasing community complexity, 
particularly in water-limited ecosystems such as desert microbiomes (Crits-Christoph et al., 
2013). These observations are also consistent with a previous investigation of halite diversity at 
regional distance scales, where halite communities at more humid salars were found to be more 
diverse (Robinson et al., 2015).  
 We found no consistent trend in the total number of cells at the top, center, and bottom 
positions of the halite nodules. While this was surprising considering the notably different 
lighting conditions at these positions, these findings are also consistent with previous reports of 
the cell density at different positions within the nodules (Finstad et al., 2017). The seemingly 
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random distribution of biomass throughout the nodules despite a deterministic relationship 
between the internal location and community relative composition suggests that the carrying 
capacity of each niche inside the nodules is dependent on random internal differences in the 
nodule structure, which would influence the surface area and volume suitable for colonization. 
While these variables were difficult to measure in the scope of this study, past research in other 
lithic microbiomes has demonstrated that internal rock topology and surface area can have a 
great impact on colonization (Walker and Pace, 2007). 
While we identified notable differences in community composition between the nodule 
core and peripheral positions, these differences were relatively subtle compared to those 
observed at larger distance scales despite the top and center of the nodule receiving vastly 
different amounts of light usable for photosynthesis. This highlights the importance of water 
availability as the prominent factor governing community composition, however, this could also 
imply increased rates of dispersion at the intra-nodule distance scales. One way this could occur 
is through the hydration cycles within the nodules, which cause liquid water movement through 
capillary action. This water displacement can result in the mixing of the interior microbiota over 
time (Davila et al., 2008; Davila et al., 2013). This idea is also supported by the respective 
community composition at the sampled positions, which changed predictably along the vertical 
component in response to a humidity gradient but changed seemingly randomly along the 
horizontal component. The difference in physical isolation along the two axes is possibly 
explained by the regular water movements between the halite core and periphery, which occur 
via capillary action in response to the diel hydration cycles (Davila et al., 2008; Davila et al., 
2013). This displacement is also evidenced by the accumulation of scytonemin – a natural 
pigment produced by Cyanobacteria – at the surface of the halite nodules (Vitek et al., 2014).  
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 The idea that progressively smaller scales of diversity become less dependent on 
stochastic processes is in contrast with existing research in more evenly distributed microbiomes 
such as those found in soil, where it has been reported that deterministic factors have the largest 
impact on community assembly at larger distance scales, while stochastic processes dictate 
assembly at smaller (centimeters) scales (Shi et al., 2018; Zhao et al., 2019). On the other hand, 
our findings are consistent within the framework of existing research done in systems with non-
linear segregation such as gut microbiomes. Differences in gut microbiota between individuals is 
driven by a combination of deterministic (e.g. diet) and neutral (stochastic colonization and 
community drift) processes, but differences between colonization of intestine regions are not 
dispersion-limited, and thus governed by only deterministic factors (e.g. nutrient availability) 
(Albenberg et al., 2014; Li and Ma, 2016; Jha et al., 2018). Similarly, the dispersion limitation in 
endolithic microbiomes results in a non-linear relationship between distance and community 
similarity. Inter-site community variability (regional and landscape distance scales in this study) 
likely follows the conventional distance-based model for community differentiation, whereby the 
composition of microbial communities diverges with increasing distance. However, our sampling 
scheme did not allow us to assess the relative contributions of environmental conditions and 
distance on the changes in microbial community composition (Allison and Martiny, 2008; 
Vellend, 2010). In contrast, living cells can move more freely between the different intra-nodule 
microbial niches due to internal water movement, resulting in more similar communities.  
 While this study interrogated the general taxonomic composition differences across 
spatial scales, the location-specific adaptations are likely to be more pronounced at the functional 
potential and functional levels. Future studies utilizing information from shotgun metagenomics 
can look at gene and pathway enrichment in response to environmental differences, which could 
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provide a much more in-depth view at halite community adaptation. Furthermore, previous 
research revealed that the microbial communities in separate halite nodules converge at the 
functional potential level but diverge at the metatranscriptomic level (Uritskiy et al., 2019a) 
meaning that using metatranscriptomics to look at real-time transcriptional adaptations of these 
communities to different conditions would provide even more information on how halite 





 In conclusion, we investigated the abiotic factors governing microbiome composition 
across different spatial scales, allowing for insight into the factors that govern halite colonization 
at regional desert-wide scales, as well as smaller micro-niche specific scales. We found that 
water and light availability, as well as community drift impact microbiome assembly differently 
at different distance scales, with higher rates of cell dispersion at the smaller scales resulting in 
more homogenous composition. This trend likely applies to other endoliths as well as non-desert 
communities where dispersion between communities is more limited such as between individual 
gut microbiomes. We also and show evidence for intermixing of intra-halite microbial niches in 
response to regular water displacement via capillary action, and report an unexpectedly random 






Fig. 6.S1: Climate data comparisons for regional (North vs South; A-C) and landscape (top vs 
bottom of the North hill, D-F) scales. Weather measurements were collected simultaneously at 
the two compared sites, showing differences in temperature (A, D) and relative humidity (B, E) 
of the locations. Colors denote the time (hours after midnight) of data collection for each point. 
The number of hours in the day when halite nodules experienced deliquescence was estimated 
from the time when the relative humidity was above 75% (C, F). Paired weather data was 





Fig. 6.S2: Comparison in average daily temperature (A) and humidity (b) between years 2018 
and 2019 over four months (February – May). Data collected with the same HOBO sensor at the 
North-Top sampling location Highlight lines represent non-parametric polynomial kernel 




Fig. 6.S3: Effective light transmission inside three halite nodules (red, cyan, and blue), measured 
10 mm from the top surface (solid lines) and in the center of the nodule (dashed lines). The 
center positions were taken to be the middle of the three halite nodules, 30mm, 20mm, and 
38mm from the surface, respectively. The transmission spectra of each nodule were normalized 
to the mean transmission from the top position to bring out the top-middle differences over the 
inter-nodule differences. Black solid line corresponds to the solar spectrum with its peak 
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Fig 6.S4: Cell count density within the top, middle, and bottom samples in the different halite 
slices. Cell counts were estimated by counting nuclei per field of view with an automated cell-
counting pipeline. Halite nodules are denoted H1-H6, and slices within each halite are denoted 
A-C. Each point represents a technical replicate from a single field of view. 
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Fig. 6.S5: The average cell density of each biological sample, standardized to the maximum 
value within each slice (x-axis; standardized abundance encoded in color map). Black 




Fig. 6.S6: PCoA of the Weighted Unifrac dissimilarity matrix of 16S rRNA gene amplicon 
sequences, comparing community compositions in samples collected from different positions 
within the halite nodules. The scatterplot projections show the first and second principal 
components, coloring the samples by A) the samples’ relative vertical position within the halite 
nodules, B) the halite nodule, and C) the vertical slice of the samples’ (each slice is labeled 





Fig. 6.S7: Average relative abundances of the major halite microbiome phyla in samples 
collected in A) the North vs South and B) North-top vs North-bottom. The relative abundance of 
Chlorophyta was inferred from the relative abundance of the chloroplast 16S rRNA gene. Bars 
above each phyla represent Student’s t-test significance, and the star count denotes the associated 






Fig. 6.S8: Relative abundance of six most abundant halite microbiome phyla inside the halite 
nodules at different distances from the nodule surface, colored by relative position within the 
slice – red (top), middle (magenta), and bottom (cyan). The relative abundances were 
standardized to the average abundance of that phyla in the sampled nodule slice. The black line 
is the non-parametric regression of the data with the pyqt_fit package. Chlorophyta (chloroplast) 





Fig. 6.S9: Weighted Unifrac dissimilarity between microbial communities in halite samples from 
different sites, compared across different distance scales: ~3 cm (samples from the same nodule 
and position along the horizontal or vertical component), ~10 cm (samples from the same nodule 
at any internal position), ~10 m (samples from different nodules at North-top), ~300 m (North-
top vs North-bottom), and ~20 km (North vs South ends of the salar). Boxplots contain the 
dissimilarity between all possible inter-sample comparisons in the considered sample groups. 




Table 6.S1: Pairwise Kluskal-Wallis comparison statistics between microbial community 
diversity at different sites, using commonly used alpha-diversity metrics. 
Alpha-diversity metric 
North vs South Top vs Bottom 
H p-value H p-value 
Faith_PD 15.209357 0.000096 9.205058 0.002413 
Simpson 0.00865 0.925901 12.157895 0.000489 
Shannon 0.25222 0.615516 12.157895 0.000489 
 
 
Table 6.S2: Paired Student’s T-test comparison statistics between microbial community 
diversity at the top, middle, and bottom positions of halite nodules, using commonly used alpha-
diversity metrics. 
Alpha-diversity metric 
Top vs. Middle Bottom vs Middle Top vs Bottom 
Stat p-value Stat p-value Stat p-value 
Faith_PD -3.225 0.007 -0.053 0.958 -1.082 0.299 
Simpson -2.701 0.018 -0.564 0.582 -0.601 0.558 






Halite model ecosystem characterization 
My in-depth investigation of the endolithic halite model microbial community 
significantly advanced our understanding of their composition and dynamics. Characterizing the 
metatranscriptome of the halite nodule microbiome offered a first glance and the functional 
activities of these unique extremophiles in the context of the entire community. I learned that the 
major taxa present in these communities – Haloarchaea, Bacteroidetes, Proteobacteria, 
Cyanobacteria, and Actinobacteria – are transcriptionally active even under the extreme 
desiccated conditions of the desert. However, I found that the genomic abundances did not 
necessarily indicate which organisms were contributing more to the community transcriptional 
landscape. In particular, I found that the community’s only eukaryote – a newly characterized 
green Dolichomastix alga – produced the vast majority of the community’s transcripts for 
photosynthesis and carbon fixation pathways, despite being vastly outnumbered by 
Cyanobacteria (Crits-Christoph et al., 2016a). This, among other findings of in transcriptional 
activity levels relative to genomic abundance, reframed our understanding of how the halite 
community functions as a whole.  
The halite microbiome metatranscriptome also revealed the functional pathways that 
were significantly prioritized in individual taxa as well as the community. The majority of 
highly-transcribed pathways in the halite metatranscriptome were related to cell maintenance and 
basal metabolic activities – transcription, translation, and processes associated with their 
regulation. I observed that the Halobacteria likely produce additional ATP via rhodopsin light-
activated proton pumps (Engelhard et al., 2018), as these rhodopsin genes were some of the most 
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upregulated in Halobacteria. This is consistent with the upregulation of energy-harvesting 
rhodopsins in Halobacteria during stress (Spudich, 1998) and other studies reporting that opsin-
based proton pumps are important supplementary sources of energy for Halobacteria in 
energetically-taxing hypersaline environments (Grote and O'Malley, 2011; Ernst et al., 2014).  
The metatranscriptome of the halite nodule microbiome was also used to investigate the 
role of sRNAs in this extremophile community. The roles of regulatory sRNAs have been 
extensively studied in bacterial, and to a lesser extent, in archaeal model systems (Carrier et al., 
2018; Gelsinger and DiRuggiero, 2018a) but only a few studies previously reported the 
discovery of sRNAs in natural microbial communities (Shi et al., 2009a; Duran-Pinedo et al., 
2014; Li et al., 2015; Hou et al., 2016). Through the combination of strand-specific RNA-
sequencing and the development of the first microbial sRNA identification pipeline, SnapT, 
together with my collaborators I was able to identify sRNAs in an extremophilic microbial 
community. This allowed for a highly resolved view of sRNA-mediated regulation from multiple 
trophic levels of the community; from primary producing cyanobacteria to the dominant 
heterotrophic Haloarchaea. In my characterization of sRNAs of the halite community, I found 
that antisense sRNA (asRNA) expression levels were negatively correlated with that of their 
putative mRNA targets. This suggests mRNA transcript level repression by sRNAs, which is one 
of their characterized functions. A similar trends was reported in the haloarchaeon Haloferax 
volcanii, when investigating oxidative stress responsive sRNAs, and most of the putative targets 
were transposase genes (Gelsinger and DiRuggiero, 2018a, b).  
My metagenomic analysis efforts resulted in the recovery of a partially complete but 
uncontaminated metagenome-assembled genome (MAG) of the novel Dolichomastix alga. This 
allowed for investigation of the the alga’s transcriptional adaptations, revealing transcriptional 
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adaptations similar to a model halotolerant algae D. salina. I found that Dolichomastix had 
extremely high transcriptional rates of photosynthesis and oxidative phosphorylation pathways, 
likely producing secondary metabolites to counter-act external osmotic pressure (Oren, 2014a; 
Polle et al., 2017). However, I was unable to detect evidence for active glycerol production in the 
alga’s transcriptome, which is the primary osmo-protectant in D. salina. The predicted proteome 
for Dolichomastix exhibited a lack of high isoelectric point (pI) proteins present in its non-
halophilic phylogenetic relatives. While pI distribution in eukaryotes is not indicative of 
function, it has been linked to cytoplasmic and nuclear pH (Elevi Bardavid and Oren, 2012), 
suggesting that the Dolichomastix alga might have a slightly different intracellular environment 
compared to non-halophilic members of its class.  
Our characterization of the viruses of the halite microbiome significantly expanded its 
existing sequence pool of viral diversity. Building on previous metagenomic work in the halite 
microbiome (Crits-Christoph et al., 2016a), I was able to reconstruct three times more viruses, 
many of which belonging to novel putative genera, including a wide variety of viruses targeting 
Halobacteria and Salinibacter hosts. Our multi-omic approach also allowed for the detection and 
characterization of the transcriptional activity of these viruses. In particular, viral genes encoding 
for viral structural and replicative components were found to be highly expressed in many 
samples, indicating active infection of bacterial and archaeal hosts. Many viruses, including a 
Halobacteria-infecting virus from the Myoviridae class, displayed very high gene expression 
values, suggesting that they may play a significant role in shaping the structure and composition 
of halite communities.  
 My investigation of the spatial diversity in halite microbiome compositions across Salar 
Grande revealed the abiotic factors governing the composition of these halophilic extremophile 
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communities. By comparing community compositions across different scales of diversity and 
distance, I was able to identify these factors at large desert-wide scales, as well as smaller micro-
niche specific scales within individual halite nodules. I found that while a combination of 
community drift and local climate are important for microbiome assembly at the larger scales, 
deterministic abiotic factors (water) are the most important at smaller intra-nodule scales, where 
cell dispersion is not as limited, compared to inter-nodule scales where cells cannot freely 
migrate from nodule to nodule. I also found an unexpected random distribution of biomass 
within the nodules, despite a consistent relative abundance composition. Based on our 
observation of intra-halite microbiome diversity, light availability also has a major impact on the 
community composition, particularly on the relative abundance of phototrophs. Cyanobacteria, 
which together with green algae fix all organically-available carbon in this microbiome (Finstad 
et al., 2017; Uritskiy et al., 2019a), were more relatively abundant near the surface of the halite 
nodules.  
 Long-term temporal dynamics of halite microbial communities demonstrated that these 
communities were incredibly sensitive to changing environmental conditions, particularly to rare 
rain events. While low sampling frequency limits the temporal resolution of this study, our 
evidence suggests that the 2015 rainfall required major adaptations in the extreme halophiles 
found within the halite nodules of Salar Grande. The shift in the observed taxonomic 
composition following the rain was noteworthy not only in the context of this study but also 
when comparing with previous studies of this area in 2013 (Crits-Christoph et al., 2016a). I 
found evidence of changes in average proteome isoelectric point and potassium cell uptake 
potential after the rain, suggesting that the rain temporarily decreased the salt concentrations 
within the colonized pores (Davila et al., 2015a; Finstad et al., 2016), rapidly changing the 
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osmotic conditions within. I hypothesize that this led to a mass death event of organisms poorly 
adapted to large osmotic changes immediately following the rain, while giving others an 
advantage. This case study highlights the importance of studying and tracking the community 
composition of halite endolithic microbiomes to better understand early effects of climate change 




Generalizable principles in microbiome dynamics 
The tractable nature of the halite model microbiome allowed us to extrapolate general 
mechanisms of microbial community function and resilience. Our investigation of the 
microbiome’s dynamics in response to the rare rain event demonstrated that a major disturbance 
can result in stochastic re-population of the community’s functional niches, forcing a microbial 
community structure into an unstable intermediate. During the succeeding recovery period, the 
newly dominant taxa adjust in abundance to reproduce the initial functional potential. The two 
different mechanisms by which the halite communities achieved almost identical net change in 
their functional potential as they entered and then exited their intermediate state (Allison and 
Martiny, 2008; Armstrong et al., 2016) offered a uniquely detailed view of microbial adaptation 
dynamics. The two types responses, or modes, during the initial response and subsequent 
recovery of the microbiome from the perturbation allowed for inference of a general microbiome 
adaptation model.  
The first mode (Type I) is a community shift, resulting from adaptations to an acute major 
perturbation. A major death event induced by the shock produces gaps in existing functional 
niches and presents an opportunity for new organisms from the seed bank to come in through 
niche intrusion (Modi et al., 2014). The Type I shift is driven by neutral (random) processes 
characterized by changes in fine-scale (i.e. strains) taxonomic composition, which results in a 
high taxonomic turnover index. The second mode (Type II) is an adjustment in existing 
community structure, and results from gradual changes in environmental conditions. The shift in 
functional potential of a microbial community is achieved through gradual changes in relative 
abundances of major taxa, the strain composition of which remained unchanged. The taxonomic 
mechanism behind the Type II response is relatively deterministic, as the relative abundances of 
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currently dominant taxa is adjusted based on fitness under the new selective pressures, 
preventing new organisms to take over. As a result, the strain composition of these major taxa 
remain largely unchanged, resulting in a low taxonomic turnover index.  
In the halite nodule microbiome, the Type I and a Type II shifts occurred in succession, 
leading the community first through an unstable intermediate state and then into an alternate 
equilibrium state (Scheffer et al., 2001). This intermediate dis-equilibrium intermediate has been 
reported in a number of communities after disaster events (Rodriguez et al., 2015) or antibiotic 
administration (Sommer and Dantas, 2011; Modi et al., 2014), but until now was difficult to 
investigate closely in natural ecosystems because of compounding complexity and fast microbial 
growth rates (Scheffer et al., 2001; Shade et al., 2012). I postulate that Type I and Type II shifts 
observed in our model microbiome might be applicable to analogous structural rearrangement in 
other systems. Understanding the mechanisms behind the response and recovery components of 
microbial perturbation responses are vital to predict the taxonomic and functional flux of 
ecosystems following natural and man-made ecological disasters. My two-step model can be 
potentially applied to explain and predict the taxonomic and functional flux in other ecosystems 
following major environmental changes. Providing a framework for future work in predictive 
modeling of microbial communities.  
Our observation of the extreme halite nodule community structure rearrangement 
following the rain also served as a demonstration of the de-coupling of fine-scale taxonomic 
composition of a microbiome and its functional potential. Functional redundancy between 
closely-related taxa allows the change in fine-scale composition over time without notable 
consequence to the functional potential of the community as a whole. This has significant 
consequences on the interpretation of differences between community compositions, both 
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spatially and temporally. Changes in composition as a result of community drift from physical 
segregation or temporal changes may produce communities that are drastically different in terms 
of taxonomic structure, but identical in function. This work emphasizes the importance of 
considering the functional potential of communities when comparing community structure of 
microbiomes.   
Our investigation of metatranscriptional differences between halite nodules demonstrated 
that while the functional potentials of such segregated microbiomes may be relatively similar due 
to functional redundancy, their real-time functioning at the transcriptional level may significantly 
diverge. In the halite nodules, I observed a significant degree of heterogeneity in transcriptional 
functional landscapes between individual halite nodules, which likely stem from a combination 
of varying rock topology, humidity and temperature metrics at the time of sampling. These 
results partly mirror those previously observed in individualized gut microbiome multi-omic 
screenings, in which the functional potentials and metatranscriptional landscapes of gut 
communities were only loosely correlated (Abu-Ali et al., 2018). The similar environmental 
pressures exerted on such segregated microbiomes over time shape their functional potentials to 
be very similar, however their real-time activity may depend strongly on individual differences 
in environmental conditions at any given moment in time.    
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Analytical advancements 
With my experience working with the halite nodule microbiome ecosystem I wrote an 
up-to-date guide to utilizing metagenomic data in high-salt systems. The review addressed the 
key aspects of halophile community composition and function that have been revealed by 
metagenomics in various hyper-saline environments. The genomic qualities and composition 
characteristics of halophilic communities make them difficult to de-convolute in a metagenomic 
context, limiting the information that can be extracted from halophilic shotgun metagenomes. In 
the review I outline the factors and characteristics that make the de-convolution of halophilic 
metagenomes a major challenge, and propose analytical adjustments to overcome these 
challenges. I outline both experimental design and computation analysis approaches appropriate 
in halophilic metagenomics to provide clear guidelines for halophile microbiologists to use. With 
proper utilization, the rapidly advancing sequencing technology has the potential to reconstruct 
the complete nucleic acid content of halophilic communities, allowing the halophile field to 
focus on microbial functional activity and interactions. This review will help halophile research 
field to leverage metagenomics to continue making breakthroughs in our understanding of their 
functional composition, virus-host interactions, strain diversity and dispersal, and uncovered 
thousands of novel halophile genomes. 
To make bioinformatics analysis of metagenomes more accessible to microbial 
biologists, I created metaWRAP – an easy to use and computational flexible pipeline capable of 
de-convoluting complex microbial sequencing data. The installation of metaWRAP produces a 
bioinformatics environment with over 150 commonly used bioinformatics software and libraries, 
significantly simplifying this non-trivial task for biologists without significant computation Unix 
experience. Each component of the metaWRAP pipeline – ranging from read trimming to 
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taxonomic assignment of MAGs – uses a variety of pre-existing and newly developed software 
and databases to accomplish a specific step of the analysis. Unlike existing metagenomic 
wrappers and cloud services, metaWRAP retains modularity and grants the user control of the 
analysis pipeline. The user may follow the intuitive workflow starting from raw metagenomic 
shotgun sequencing reads all the way to high-quality draft genomes and their functional 
annotation, or use only specific functions, as each module is also a standalone program. 
In addition to making such analysis accessible to biologists, metaWRAP contributed 
significant improvements to the recovery of draft genomes from shotgun metagenomic data 
through bin refinement and reassembly. The bin refinement module uses a novel hybrid approach 
to consolidate bin predictions from different binning software, producing a single stronger set. 
This approach significantly outperformed individual binning software, as well as other 
consolidation algorithms. The algorithm can adjust to accommodate specific draft genome 
quality targets, making it suitable for many research applications. MetaWRAP’s bin reassembly 
module further improved the draft genomes in both completeness and purity. As of the end of 
2019, metaWRAP remained the most accurate and comprehensive MAG reconstruction platform 
out of the wide variety of available software that I have tested. 
The metaWRAP software succeeded in streamlining and simplifying routine 
metagenomic analysis for biologists. Since the publication of the metaWRAP manuscript, I have 
made every effort to make it accessible to the public through GitHub, Bioconda, Anaconda, and 
Docker. As of March 2020, the software has been installed an estimated 7000 times Bioconda, 
Anaconda, GitHub and Docker. There is also a daily stream of user-generated feedback on 
GitHub, and a steady traffic of around 400 unique visitors per week. MetaWRAP has been used 
to analyze microbial shotgun data from a wide variety of ecosystems.  
 273 
To facilitate my analysis of the halite nodule metatranscriptome, I also built SnapT – an 
annotation pipeline that leverages metatranscriptional sequencing data to annotate antisense and 
intergenic small RNAs (sRNAs) at the metagenomic level. As of 2020, this remained the only 
automated software for sRNA annotation, and the first pipeline for antisense sRNA annotation. 
This software promises to allow microbial biologists to investigate sRNA gene regulation of 
microorganisms in their natural environments, something that was not previously possible 
without major manual efforts. The lack of competition makes it difficult to evaluate the accuracy 
and success of SnapT. However, the detailed analysis of sRNA activity in the halite nodule 
microbiome model ecosystem allowed for a partial validation of this approach. The accuracy of 
nodule microbial sRNAs was manually interrogated, and the transcripts have been verified in-
vitro with RT-PCR transcript amplification. Sequence homology of annotated halite nodule 
sRNAs with known sRNAs from model organisms also verified SnapT’s accuracy.   
Finally, analysis of halite nodule community’s temporal dynamics also led to the 
development of a new metric for interrogating taxonomic turnover in microbial communities. To 
investigate the basis of the functional potential shift of the halite community after the rain, I 
introduced a taxonomic turnover index (TTI), which quantifies the turnover of strains 
contributing to each community function. A relatively high TTI for a given community function 
indicates that it is carried by different community members between two samples, but does not 
necessarily imply a high net change in its total abundance in the samples. The distribution in 
TTIs for all functions between two time-points quantifies changes in niche representation over 
that time. While this quantification was invaluable in understanding the response and recovery of 
my model ecosystem to the rain, I propose that TTI measurements of such shifts may be useful in 
future studies to categorize microbial dynamics. In particular, being able to robustly quantify 
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fine-scale taxonomic drift over time may be useful in evaluation the long-term effects of 






Future directions  
My inability to investigate short-term transcriptional adaptations of halite nodule 
microbial communities throughout the diel cycle likely stemmed from high inter-replicate 
heterogeneity of individual halite replicates. Because halite nodules are destroyed during the 
sampling process, it is impossible to collect paired samples of the same nodule under two 
different conditions or time-points. Future studies will be designed with these limitations in mind 
to design experiments aimed at uncovering the transcriptional adaptations of halite nodule 
microbiomes.  
One way to get around the inter-nodule variation is to grow enrichment cultures from 
several nodules to more robustly test transcriptional adaptations of these communities to stress – 
both at the mRNA and sRNA levels. Several liquid media have been previously used to 
successfully grow both the Archaeal and Bacterial components of the halite nodule microbiome. 
While such communities do not reflect the in-situ composition of halite nodules, the flexibility of 
a liquid culture for the purposes of replication can be leveraged to get at the fundamental 
adaptation strategies of the core community members – particularly Halobacteria. In particular, 
liquid enrichment cultures can be subject to reproducible stress events to uncover how these 
microorganisms respond transcriptionally to rapidly changing conditions – which they must 
endure in nature. Heat and cold shock stressors can be used to mimic the extreme temperature 
swings in Salar Grande, and osmotic stress via sudden changes in salt concentration can be used 
to mimic the effect of rain on these communities. Additionally, hydrogen peroxide can be used to 
model oxidative stress from extreme ultraviolet radiation that these microbiomes are subject to in 
the Atacama Desert. For each of these stressors, SnapT can be utilized to annotate and 
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investigate the role of sRNAs in the transcriptional response of microorganisms in a community 
setting.  
Metatranscriptomic sequencing could also be used in the field to look at transcriptional 
adaptations of organisms along the internal humidity and light gradients within a single nodule. 
Such a sampling scheme would bypass the inter-halite variation that prevented me from 
discovering differential expression, as the community taxonomic composition within vertical 
slices of halite nodules has been shown in this work to be relatively similar. At the 
transcriptional level however, it is expected that organisms at the periphery and center of the 
slices should have notably different transcriptomes, both at mRNA and sRNA levels. While the 
low amounts of material would likely prevent the collection of multiple replicates at each 
position, sampling several nodules in this manner would create an array of paired values, which 
would allow for more robust statistical comparison of expression values than was possible in this 
work.  
Metatranscriptional profiling of halite nodule microbiomes across different regions of the 
desert could also be valuable to understand how these organisms adapt transcriptionally to 
survive in these harsh conditions. This work identified community structure adaptations between 
larger regions of the the desert, however several key species, particularly the Halothece 
cyanobacteria, are ubiquitous throughout Salar Grande. Metatranscriptomic sequencing of these 
community members in regions of the desert subject to notably different environmental pressures 
could reveal differential expression despite high inter-replicate variation. Similarly, such 
sampling can be conducted in the same location at different seasons, as this region of the world is 
subject to significant humidity and temperature changes throughout the year. 
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Finally, the field could benefit by continuing to sample and track the community 
composition within halite nodules over the coming years. This could not only reveal more 
information about how these communities would continue to recover from the rearrangement 
after the 2015 rain, but also provide more insight into the effects of global climate change on the 
more sensitive microbiome ecosystems of the planet. In the near future climate change is expecte 
to result in more extreme rains, such as that in 2017, which will continue to change the halite 




Conclusions and impact 
My metatranscriptional investigation of the halite nodule microbiome was the first 
shotgun metatranscriptomic study of any natural high-salt environment, as well as the first 
transcriptional investigation of an endolithic ecosystem. As such, my doctoral work provided 
several key insights into the survival adaptations of such microbiomes in their natural habitats. In 
particular, my characterization of the impact of eukaryotes in this community will underline the 
importance of studying all three domains of life even in the most extreme environments. My 
extensive analysis of halite nodule microbiome dynamics also revealed this to be extremely 
sensitive ecosystems in the context of global climate change, which I hope will encourage the 
future tracking of this and similar microbiomes to understand the early impact of such changes 
on the world. 
Beyond advancing our understanding of extremophile microbiomes, my work with this 
model system also yielded several analytical advancements for microbiome research. My 
analytical pipeline metaWRAP will enable biologists in a wide variety of research fields to 
analyze and interpret their metagenomic data. SnapT will provide microbiome researchers with 
the first opportunity to annotate and investigate the role of sRNAs in their system. Finally, my 
characterization and quantitation of the two modes of community shifts following acute 
environmental shock provides a framework for interpreting microbiome perturbation and 
recovery in any ecosystem. These analytical contributions extend well past my immediate sphere 
of influence in the halophile research field into more translational areas, where they can help 
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